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Abstract

Man-made and natural disasters have been affecting an increasing number of people in
recent years. This trend is expected to continue as the number and size coastal settlements
grow, forcing humanitarian organisations to seek cost-effective solutions to improve response
operations.

In recent years, Unmanned Aerial Vehicles have been increasingly deployed in humanitarian
response as they provide an economical solution to the numerous challenges of post-disaster
land-based relief operations, including the presence of partial or complete damage to the
transport infrastructure, or absence thereof. In addition to some regulatory constraints, vehicle
range and integration with the existing response mechanisms remain as key limitations to their
deployment in practice. Therefore, it is imperative to develop a quantitative framework capable
of determining the optimal strategy for UAV-based humanitarian response. This thesis proposes
novel methodologies to use UAVs in relief distribution operations.

A method for routing UAVs and locating supporting infrastructure necessary to deliver relief
cargo is developed. A trajectory management process is proposed to represent UAV behaviour
during cruise flight accurately. Building on this, we also study the relationship between payload
and energy consumption. An endogenous stochastic model is developed to assess network
damage and inform the routing of ground vehicles.

The algorithms are applied on a dataset drawn from the earthquake responses in Taiwan
after the Chi-Chi earthquake of 1999 and Port-au-Prince after the Haiti earthquake in 2010.
Results show that UAVs can be used as a means of transportation for relief during the first days
of a disaster, with close to 20,000 kg of cargo transported in 35 hours. The approach developed
provides up to 40% improvements in terms of mission duration compared to well-established
methods. By assisting trucks through network assessment, UAVs provide vehicle travel times by
up to 20% depending on the network damage levels. These results indicate that fleets of small

UAVs can provide significant benefits to humanitarian response.
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Chapter 1

Introduction

Disasters are unexpected events that cause injuries, loss of lives and widespread damage and
disruption to the build environment and the functioning of a community (UNISDR 2009). Only
in this last century, we witnessed two of the deadliest catastrophes ever recorded. The 2004
Indian Ocean earthquake, in which 227,000 people lost their lives, and the more recent 2010
Haiti earthquake, which claimed the lives of 220,000 people and destroyed over 100,000 homes
in the process (Argollo et al. 2014, Disasters Emergency Committee 2015).

While the examples above may be considered outliers in terms of their magnitude, the
Centre for Research on the Epidemiology of Disasters (CRED 2015, n.d.) documented the
rising mortality of disasters over the last 20 years (presented in Figure 1.1), highlighting the
increasing risks to which vulnerable communities are exposed. With the growing frequency of
weather-related disasters as a result of climate change and the rising population levels located
at coastal settlements, the trend is expected to continue over the next 50 years (Thomas &
Kopcezak 2005).

The type and cause of disasters directly affect their severity and predictability (Table 1.1).
Also influencing disaster severity is the economical development level of the community affected,
with lower income countries experiencing 44% of disasters since 1995, yet suffering 91% of
deaths over the same period (CRED 2015, n.d.). As an indicative example, the 2016 Ecuador
earthquake resulted in 600 fatalities and 4,000 injured approximately, despite being of greater
magnitude than the 2010 Haiti earthquake (USAID 2016).
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Global death from natural disasters
350

w

S 300

=

= 250

v

=

= 200

[+1]

T 150

[=]

5 100

=

= /\ /\

=

= e ————
0

“ o N B O O D O D H o N H OO DA s A SO
9 o° O O° O o O & S & S O I N
\9\9\"’N,""\9m@'@"9’f"m@b'@@%@m@w@@’@é’m@'@@m@ﬁ"\?w@
Year

—All natural disasters Earthquake ——Extreme temperature —Extreme weather —Flood

Figure 1.1: Global deaths per year since 1995. Adapted from EMDAT (2020).

Table 1.1: Immediacy of response and predictability depending on the disaster category. Adapted
from Cozzolino (2012).

Disaster Attributes Disaster Categories

Cause of Disaster Natural Man-made | Natural Man-made

Predictability Sudden Sudden Slow Slow

Relevance of Logistics | Very High High Medium Low

Examples Earthquakes, | Industrial Plagues, cy- | Famine
tsunami accidents clones

Therefore, natural disasters not only pose an increasing threat to human lives, but hinder
the economic development of the communities most viciously affected by them. Humanitarian
response focuses on mitigating the impact of these events. While the specific operations vary
based on the factors cited in Table 1.1, in general they consist of transporting essential material
and personnel to the affected region, and are managed and coordinated by international actors.
Hence, humanitarian response necessitates the development of large-scale logistics network to

transport essential resources to affected communities.

1.1 Humanitarian Logistics

Humanitarian logistics is defined as the management of cargo flows within a humanitarian
organisation, and underpins the operations aiming to alleviate the devastating effects of disasters.

It is an essential process in disaster response, often determining the effectiveness of the operations,
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and accounts for a significant proportion of the expenditure of aid organisations (Tatham 2011,

Grafham & Lahn 2018).

International Regional Last-Mile

Main Hub Port of Entry Regional Hub Local Depots Settlements

(a5

Figure 1.2: Humanitarian logistics structure. Adapted from Balcik et al. (2008).

The humanitarian logistics sector is generally classified into two categories: relief and
rehabilitation, and recovery activities (Holguin-Veras et al. 2012). The former focuses on very
short-term evacuation and rehabilitation activities by providing immediate essential resources
(e.g. food, shelter, water) to the affected communities. The latter addresses the long-term
reconstruction of lifeline systems such as water, gas, electricity, or transportation networks.
While the architecture of the supply chains in both stages are similar (Figure 1.2), key differences
can be found in their planning horizons (short-term or long-term), data quality, uncertainty and
delay implications.

Despite the short-term nature of relief efforts (shown in Figure 1.3), the importance of this
stage cannot be underestimated, as survival rates reduce exponentially during the first 72 hours
after a disaster event (Huang & Lien 2012). To illustrate the importance of fast deployments in
humanitarian operations, the World Food Programme! (WFP) can deploy response teams within
24 hours through the Immediate Response Account (WFP 2018b). Furthermore, the speed and

effectiveness of these operations directly affect the long-term recovery and sustainability of the

'WFP is the United Nations (UN) agency that acts as lead of the Logistics Cluster, which coordinates,
manages and facilitates access to logistics services. WFP also provides logistics services to other humanitarian
organisations as last resort (WFP 2019).
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affected community, given that longer-term recovery operations build upon initial social and
infrastructural improvements during relief efforts (CWGER 2008).

Relief operations are structured as push-based logistics strategies, where the design of the
supply chain is informed by forecast demand. This process involves the overestimation of
demand to compensate for the unreliability of data in the aftermath of a disaster. Such an
approach requires high inventory levels and often results in high wastage and operational cost
levels (Meier et al. 2016).

Ideally, information on demand quantity and location would be gathered before generating
the order, reducing the uncertainty in the process and minimise wastage. These supply chains
are said to be pull-based, and require agile processes that can adapt to changing demand
patterns.

A significant proportion of the uncertainty associated with humanitarian logistics operations
resides in the last-mile distribution process (refer to Figure 1.2). This is a result of damaged or
inadequate transport infrastructure, which has the potential to isolate communities and pose a
challenge to relief cargo deliveries. Notable examples can be found in the Peruvian Amazon,
where communities rely solely on river transport that increases travel times to days (Meier &
Bergelund 2017), and Papua New Guinea, where the rainy season cause dirt roads to become
muddy delaying vehicles significantly (Meier & Soesilo 2014).

Armed conflicts present a further safety hazard to volunteers due to accidental or intentional
damage. Recent examples include a major attack on a UN aid convoy in Syria on October 2016
(BBC News 2016).

Another key concern within humanitarian operations is the access to reliable and cost-effective
energy sources. Diesel fuel still remains an essential resource in humanitarian operations, being
required for electricity generation and for transportation fuel. According to Graftham & Lahn
(2018), vehicle fuel consumption during humanitarian operations at Jordan, Kenya and Burkina
Faso in 2015 and 2016 exceeded 600,000 yearly litres on aggregate. Motor inefficiency, poor
maintenance, decentralised transportation, and low fuel quality are the leading causes for
high diesel wastage. Sustainability targets outlined by numerous humanitarian organisations

(UNICEF 2015, Grafham & Lahn 2018) provide further evidence for the need to reduce the
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Figure 1.3: Disruption and recovery curve after a natural disaster. Adapted from Park (2015).

reliance on diesel fuel for transportation.

The factors outlined thus far contribute to the uncertainty, delays and danger that characterise
relief operation which yield high wastage, time and economic losses. In response, humanitarian
organisations increasingly rely on aerial delivery, which overcome road infrastructure limitations
and reduce travel time uncertainties. As an indicative example, WFP’s Aviation division have
increased total cargo delivery by 60% between 2011 and 2015, rising their total expenditure by
70% over the same period (WFP Aviation 2012, 2016). Moreover, WFP’s expenditure doubled
over the 2005-2017 period to a record US$ 6.2 billion (Figure 1.4).

The prohibitive operating costs hinder any increase in the scale of air transportation
operations. In addition, a major concern within the humanitarian sector is the lack of human
capital, with a limited pool of readily deployable skilled personnel (Tomasini & Van Wassenhove
2009). As a result, the humanitarian organisations are considering the use of Unmanned Aerial

Vehicles (UAVs) to assist humanitarian operations (Meier et al. 2016).
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Figure 1.4: WFP logistics operation growth (WFP Aviation 2012, 2016, WFP 20175, 2018a).

1.2 Overview of UAV Technology

UAVs are aircraft where the pilot is not onboard, thus the aircraft may be controlled remotely
or fly autonomously. Given the absence of an onboard pilot, UAVs encompass a wide range
of designs and weights, ranging from micro aircraft of few kilograms to passenger carrying
platforms. While traditionally developed for military applications since the 1900s, UAVs are
increasingly being integrated in a variety of industries, including delivery, photography, and
security among others.

The recent improvements in UAV technology and reductions in manufacturing costs, combined
with their ability to overcome most infrastructure and geographical challenges, make UAVs
particularly suitable for cargo delivery. For these reasons, UAVs are being considered to facilitate
last-mile distribution operations in both commercial and humanitarian sectors.

Efforts to deploy UAVs for delivery have been taking place since the foundation of Matternet?
in 2011. Several organisations have announced or embarked on projects involving large-scale
UAV deployments, with notable UAV initiatives presented in Table 1.2.

UAV capability and performance are influenced by their weight and body structure - a
classification of different UAV types is presented in Table 1.3. In terms of body structure,

three main categories exist: rotary-wing, fixed-wing, and hybrids. Rotary-wing systems operate

2Matternet is a leading company in the UAV urban delivery industry.
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Table 1.2: UAV projects for delivery and passenger transport.

Industry Drone Organisation Country Status Reference
5 Rotors  Airbus Brazil Testing Lewis & Magalhaes (2018)
= Rotors  Uber US Testing Holden & Goel (2016)
% Hybrid Kitty Hawk NZ Testing Sorkin (2018)
~ Rotors  Volocopter Dubai Testing Moon (2018)
Hybrid Amazon US/UK  Testing Keach (2018)
" Hybrid Google Us Testing X Development (2018)
§ Hybrid DHL Germany Ongoing DHL (2015)
T Rotors  Toyota Canada  Testing Reagan (2018)
A Rotors  Flirtey US Testing Hidalgo (2019)
Rotors Matternet Us Testing Bogaisky (2019)
. Fixed ~ WeRobotics Peru Completed Meier & Bergelund (2017)
= Hybrid WeRobotics DR Testing Meier (2018)
S Hybrid Zipline Rwanda  Ongoing Simmons (2016)
3 Hybrid RedLine Rwanda  Planned Afrotech EPFL (2016)
% Rotors UNICEF Malawi Completed UNICEF (2016)
= Rotors MSF PNG Ongoing Meier & Soesilo (2014)

Country codes: Dominican Republic (DR), New Zealand (NZ), Papua New Guinea (PNG), United Kingdom
(UK) and United States (US).

similarly to helicopters and are capable of vertical take-off and landing (VTOL), and fixed-wing
resemble conventional aircraft and are propelled by persistently exerting forward thrust. While
rotary UAVs provide higher degree of control, fixed-wings possess greater endurance, speed and
range. Hybrid systems combine the speed and range of fixed-wings with the greater control
capabilities of rotary-wings, but are generally more expensive. Within the delivery, passenger
transport, and humanitarian sectors, the most common UAV types are multi-rotors and hybrid
systems due to the increased level of control provided and VTOL capabilities (see Table 1.2).

Since UAVs require little supporting infrastructure to operate, the initial capital investment
required is lower compared to conventional transport modes. As an example, Matternet estimated
that creating a drone network covering 150 square kilometres consisting of 50 stations and 150
vehicles would cost around 0.9 USD million (Raptopoulos 2013).

The advantages of UAVs are not only economical — UAV delivery networks can be established
quickly, and require a small workforce to operate. Small UAVs, for example, require a single
pilot for operation (in most cases only for monitoring purposes), allowing for fast deployments
with minimal supporting infrastructure. Furthermore, since UAVs are remotely controlled or

autonomous, they remove safety risks to humanitarian workers associated with aid convoy
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delivery.

Table 1.3: UAV classification. Adapted from Ren, Castillo-Effen, Yu, Yoon, Nakamura, Johnson
& Ippolito (2017). LTA - Lighter-than-air, HTA - Heavier-than-air

Classification Description
LTA | Airship Engine-driven lighter-than-air aircraft.
Fixed | Glider Not dependent on an engine for sustained flight.
Wing | Airplane | Engine-driven propulsion, with wing generating
lift.
Rotor | Helicopter| Engine-driven rotors with pitch and roll control
HTA L
Craft based on cyclic pitch.
Multi- Engine-driven rotors with pitch and roll control
rotor based on differential lift from multiple rotors.
Hybrid Engine-driven aircraft capable of vertical takeoff

and landing, with flight dependent on forward
engine thrust.
Other Any other aircraft configuration.

Within humanitarian applications, UAVs have been increasingly used since Hurricane Katrina
in 2005 (American Red Cross 2015). While mostly used for reconnaissance and imagery, UAVs
are being tested to deliver relief and assess road-damage (Meier & Bergelund 2017, DuPlessis
2016). WEP seeks to facilitate their deployment by developing a coordination system that aims
to reduce redundancy, improve safety, and increase standardisation during UAV deployment

(ETC 2017, Vornic 2017).

1.3 Drone regulations

Only in Europe, the UAV market is expected to increase its expected value to €10 billion
annually by 2035 and €15 billion by 2050 (SESAR 2016). Commercially, over 415,000 UAVs are
expected to be in operation 2050, with an additional 7 million estimated for leisure. The vast
applicability of UAVs requires the development of robust regulatory frameworks that ensure
safe and secure operations.

By 2017, 65 countries issued national UAV regulations that presented a set of similarities in
terms of categorisation, scope, and limitations. The main categorisation system is based on the
UAV’s take-off weight and its purpose as a surrogate of impact risk (Stocker et al. 2017). As a

result, regulations impose greater limitations and requirements to heavier UAVs. Some of these
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Figure 1.5: Demand evolution of UAVs to 2050. Adapted from SESAR (2016)

rules have a negligible impact to the adoption of UAV in certain applications, like registration
requirements, pilot certifications, and occasionally altitude boundaries.

However, most regulations limit commercial UAV use to visual line of sight (VLOS) ap-
plications with few exceptions (Stocker et al. 2017). In particular, the United States Federal
Aviation Agency (FAA) issued these rules under FAR Part 107, with exemptions given on an
individual basis under FAR Part 333 (FAA 2016, 2012). In Europe, all member states adhere to
the principles set by the European Aviation Safety Agency (EASA), which classifies beyond
visual line of sight (BVLOS) operations in the Specific category, requiring explicit authorisation
from the relevant national airspace authority (EASA 2017a).

The regulatory structure remains a key challenge towards the development of the BVLOS
UAV market, mainly consisting of on-demand automated operations, such as delivery. According
to the Single European Sky Air Traffic Management Research (SESAR), BVLOS operations will
constitute over 75% of all UAV operations by 2050 (SESAR 2016). In the humanitarian field,
most desired applications require BVLOS approval (road assessment, monitoring, delivery).

Current regulations can enable safe operations in low spatial density and BVLOS may take
place using segregated airspace and manual procedures. Such a system cannot be applied for

large-scale on-demand services such as UAV delivery, which would operate in BVLOS conditions.

22



CHAPTER 1. INTRODUCTION

1.4 Statement of the Problem

The field of humanitarian logistics comprises an essential process in response operations taking
place immediately after a disaster event, where the aim is to provide relief and alleviate suffering
of the affected population. Thus, humanitarian logistics is fundamental to the rehabilitation of
the community.

Given the time-related constraints and highly stressful environment in post-disaster con-
texts, errors in judgement become a significant concern that may preclude the success of the
humanitarian operation (Campbell & Clarke 2018). Mathematical optimisation is therefore a
fundamental tool to aid respondents during the decision-making process by providing them with
a palette of solutions whose performance is measured using agreed metrics.

An extensive literature exists that focuses on humanitarian logistics and operations research,
outlined in Chapter 2. However, most of this literature is applied to conventional methods of
transportation, such as aid convoys, trucks or helicopters.

Although some of the modelling techniques are transferable to UAV delivery systems, they
fail to capture the complexities of small battery-powered UAVs. For example, transporting 2 kg
requires on average a 3 metre wingspan and a total empty mass of 5 kg (Vertical Technologies
2017). Due to their limited payload capacity, UAVs would transport high-value low-volume
cargo, such as medicines and life-saving cargo.

The major advantage of using small-battery powered UAVs compared to ground vehicles
lies in their deployment speed — 75 km range hubs are deployable in less than 24 hours (Meier
et al. 2016). Moreover, the autonomous nature of the technology results in lower safety risks to
humanitarian workers.

The systemic effect of UAV technologies to the nature of humanitarian logistics is yet unex-
plored, as new constraints are expected to emerge despite the elimination of some dependencies
of conventional transport. As an indicative example, major simplifications to UAV range are
commonly found in the literature, which may result in severe overestimation of UAV capabilities.
Furthermore, various limitations of UAVs require the concept of operations to consider split

delivery, recharge, energy management and allocation.
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Equally important are the challenges associated with the introduction of UAVs in non-
segregated airspace. As discussed in section 1.3, recent regulatory frameworks require airspace
segregation for UAV operation considering their size and capabilities. While the approach is
appropriate for VLOS operation, extensive BVLOS operations are not feasible under the current
system (Stocker et al. 2017). Exceptions are allowed through time-consuming ad-hoc procedures,
precluding the use of UAVs for disaster relief operations as they require immediate deployments.

However, relaxations of these rules could result in significant safety risks due to the high
level of airspace congestion. The main challenge relates to the large number of vehicles sharing
the airspace simultaneously, which increases the problem size when developing non-conflicting
trajectories. UAV operations must account for the trajectories of other vehicles and their
capabilities. While obstacle avoiding trajectories have been developed, they are yet to be
integrated with routing algorithms nor applied to humanitarian logistics.

Thus, the research gaps that were identified during the literature review survey and motivate

this study are summarised as follows:

Gap 1. Lack of understanding of the ways that complex energy consumption patterns are
affected by flight stages, payloads, and aerodynamics in UAV routing literature.
Given the short range of UAV platforms, innacuracies in battery consumption

estimation will have significant effects on UAV operational performance.

Gap 2. Energy allocation, energy management, and recharge has yet to be explored in
the context of supply chain design. The design of extensive and uninterrupted
UAV-based delivery services require the provision of battery replacements. As
such, the location of recharge stations and allocation of excess batteries must be

incorporated into the mathematical formulation.

Gap 3. A quantitative framework for UAV-based humanitarian relief performance has not
been developed to date. Current models for UAV-based urban and humanitarian
logistics focus on the routing problem as a single-depot VRP. This simplification
ignore hub selection decisions in spite of the UAV range constraints, which limit the

applicability of these approaches to small case studies. Additionally, as UAS will
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Gap 4.

Gap 5.

act within managed airspace, Airspace Traffic Management should be considered.

Lack of UAV trajectory management systems for uncertain/dynamic environments.
UAV demand is expected to be highly variable and short-term, suggesting that the
creation of fixed airspace corridors will be impractical. Therefore, the development
of tactical trajectory planning becomes a necessity for any UAV-based delivery

model, as it will affect delivery times, battery charge, and overall system efficiency.

Compliance with existing UAV regulatory frameworks in humanitarian operations.
SESAR envisions a system that limits access to airspace classes based on the
existing Performance-Based Navigation (PBN) framework (SESAR 2019). This
consists on the provision of Required UAV Navigation Performance (RUNP),
which are similar to Required Navigation Performance (RNP) of conventional Air

Traffic Management (ATM).

1.5 Aims and Objectives

The aim of this study is to develop a holistic quantitative framework for the design of UAV-based

humanitarian response operations, including relief delivery and evacuation. In doing so, the

thesis incorporates aspects of humanitarian preparedness (warehouse location planning and

inventory management), UAV platform capability, and trajectory management. Figure 1.6

presents an overview of the topics researched in this thesis.

The proposed framework serves as a decision-support tool for humanitarian organisations

that allows for the optimal planning of last-mile relief supply chain design assisted by UAVs.

The study considers mission duration, energy provision, safety and total cargo output as key

performance indicators. The following research objectives are defined:

Obj. 1.

Develop a quantitative framework for measuring UAV-based relief distribution
which considers ethical principles including equity and fairness (Bagshaw 2012).
Further UAV-specific features are incorporated that relate to safety, energy use

and access, which are implemented using complex objective functions.
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Obj. 2. Propose a last-mile relief distribution design algorithm for UAV-based humanitar-
ian relief operation. The algorithm optimises key decisions of hub location and
routing, and reflects the sequential decisions made during humanitarian operations,
thus considering uncertainty and imperfect data (Boyles & Waller 2010, Ozdamar
et al. 2014).

Obj. 3. Develop trajectory design algorithms with accurate energy expenditure estimations.
While the linearisation of fuel consumption relationships is reasonable for road
vehicles, this assumption misrepresents the effectiveness and operational range
of UAVs, particularly when consideration variations due to weather and payload
sizes. Hence, the nonlinear behaviour of battery use is no longer negligible, and

have to be considered in planning.

Obj. 4. Test and calibrate the proposed framework in large-scale scenarios. The case
studies proposed are based on realistic disasters in scale and scope, which allows

us to compare the effectiveness of UAV-based response with traditional vehicles.

1.6 Outline

This chapter has established the motivation to undertake the proposed study, and has provided
the background information necessary to understand the implications, objectives and expected
contributions. The remaining parts of this thesis are organised as follows:

The literature review is separated in two chapters. Chapter 2 provides a survey on the
humanitarian operations research, with particular focus to post-disaster response literature. The
chapter further reviews VRP-related literature, which is commonly used to define humanitarian
logistics problems. Chapter 3 focuses on the UAV operations aspect, the regulatory framework,
and requirements to integrate the UAV constraints into the humanitarian context.

Chapter 4 presents the vehicle dynamics of UAVs and the theory of optimisation that will be
referred to throughout this thesis. A selection criterion is developed to determine the appropriate
solution method to use depending on the problem instance, as well presenting the relationship

between the remaining chapters in the context of humanitarian operations.
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Chapter 5 develops the humanitarian operation model framework which includes a LRP
that considers energy management, allocation, and warehouse selection to optimise UAV-based
humanitarian response system. The algorithm is evaluated using on a case study based on
the 1999 Chi-Chi earthquake, which affected the central region of Taiwan. Key performance
indicators that measure the speed and equity of the response, quantity of material transported,
and overall cost are explored.

Chapter 6 presents the drone operations model framework, composed of an airspace separation
algorithm, and a sequential trajectory algorithm process. The chapter further describes how the
proposed framework was developed and validated.

Chapter 7 describes a novel formulation for the distribution of relief assisted by UAV network
damage assessment. The problem is formulated endogenous stochastic optimisation model,
where the decisions made by the UAVs exploring the network and the ground vehicles delivering
aid have affect the network uncertainty parameters during the operation time horizon.

Chapter 8 summarises the findings, provides a list of conclusions and future research that

can build upon this work.
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Chapter 2

Current Approaches for Humanitarian

Operations

Humanitarian logistics underpin the essential life-saving operations that take place during
post-disaster missions. While the fundamental processes of humanitarian logistics coincide with
those of commercial applications, significant differences that relate to the objectives, constraints
and overall context preclude the adoption of commercial models for humanitarian operations.
This section reviews the state-of-the-art of post-disaster response operations. In particular,

this survey aims to:

1. Identify the roles and responsibilities of humanitarian stakeholders. Determining which or-

ganisations are responsible for the planning and management of a humanitarian operation.

2. Analyse the common mathematical framework used to formulate post-disaster response
optimisation problems, including relief distribution and evacuation. This includes reviewing
commercial applications and novel technologies (UAVs) that can be integrated into
humanitarian logistics research, considering the differences in objectives, contexts, and

constraints.

3. Review the research on humanitarian operations that have a direct effect on post-disaster
missions and can be integrated into the post-disaster formulation framework. This includes

preparedness and rehabilitation operations that take place before and after response,

29



CHAPTER 2. CURRENT APPROACHES FOR HUMANITARIAN OPERATIONS

respectively.

This chapter is structured as follows: Sections 2.1-2.4 focus on describing the context of
humanitarian operations, while Section 2.5 delves into the operational research concepts that
are adopted in formulating preparedness, response and rehabilitation missions. In particular,
the review analyses the Facility Location, Vehicle Routing Problems, and Traffic Assignment
Models in detail.

The assessment suggests that the Location-Routing Problem is an adequate mathematical
framework to model post-disaster response operations, and is capable of incorporating constraints
relating to the humanitarian objectives, the uncertainties pertaining humanitarian contexts, and
the design of supporting infrastructure. The latter is particularly important when considering
novel UAV technology that possess limited operating range.

However, the review highlights that research focusing on UAV applications commonly ignore
or overly simplify trajectory design. For this reason, an extensive literature review that aims to

determine the key features to adopt is presented in Chapter 3.

2.1 Origins of Humanitarian Logistics

Initial forms of humanitarian response have existed since the nineteenth century in the context
of colonial and religious practices, including famine relief, and health care service. Its institu-
tionalisation can be traced back to the adoption of the first Geneva Convention in 1864 that
considered the provision of relief to the wounded of war (Davey et al. 2013).

The adoption of the UN Charter (1945) after the conclusion of World War II preceded the
creation UN Relief and Rehabilitation Administration, which later was distributed into specialised
agencies: UNICEF, Food and Agriculture Organization (FAO), World Health Organisation
(WHO) and the International Refugee Organisation - precursor of the United Nations High
Commissioner for Refugees (UNHCR) (Paulmann 2013, Rysaback-Smith 2015). United States
Agency for International Development (USAID), Oxfam, International Federation of Red Cross
and Red Crescent Societies (IFRC) and Doctors Without Borders (MSF) comprise other notable

Non-Governmental Organisations (NGOs) developed over the same period.
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Institutionalisation brought further progress in humanitarian law: the Universal Declaration
of Human Rights was adopted, and the Geneva Convention (1949) was expanded to protect
non-combatant civilians (United Nations 1949). Further protections to civilians were established
through the adoption of Protocol I and II in 1977, now supported by the Office of the High
Commissioner for Human Rights (OHCHR) (United Nations 1977, OHCHR 2019).

The increasing capacity and number of NGOs active in humanitarian response lead the UN
to develop coordination mechanisms for the effective and efficient deployment of humanitarian

operations. This is the subject of the next section.

2.2 Humanitarian Strategy

Current humanitarian operations are governed by the cluster approach, which was established
in 1991 through the adoption of the resolution 42/182 by the UN General Assembly (UNOCHA
2012). The document divides the humanitarian competencies into eleven different clusters (see
Figure 2.1a), and designates a central coordinator: the ERC and OCHA (UNOCHA 2012).
Table 2.1 presents the role of coordinating agencies, with Figure 2.1b showing the coordination
architecture.

The main objective of the cluster approach is to improve predictability, timeliness, effec-
tiveness, leadership and accountability within humanitarian response. To achieve this, lead
organisations are designated for each cluster, with strictly defined responsibilities. In addition,
global coordination forums are established to improve cooperation and coordination between
clusters.

At the global level, the lead organisation assumes the role of coordinator, consolidating
guidelines and proving operational support to other organisations. At a country level, the
cluster mobilises resources, establishes links with donors, enables inter-cluster coordination and
cooperation, and interacts with local authorities, among other responsibilities.

The implementation of the clusters at a country level may correspond to any of the eleven
global clusters, or some may be combined to adjust to the specific needs of the disaster. A key

feature of the approach is the assignment of accountability: global leads are accountable for
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ensuring preparedness and technical capacity within their cluster, and at country level, leads
act as providers of last resort - they must commit to ensure adequate response to the extent
possible.

The evaluation of the cluster approach found evidence suggesting that it improved response
operations in terms of leadership predictability (Steets et al. 2010). However, despite receiving
increasing support from NGOs, improvements to the cluster approach are yet necessary in terms
of effectiveness, efficiency, and support of global clusters to country level organisations, which
should include training, capacity, and guidance. Finally, through the resolution 70/1 by the UN

General Assembly, the UN adopts 17 Sustainable Development Goals to which all clusters must

adhere (UN General Assembly 2015).
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(a) UN Cluster Structure UNOCHA (2019b). (b) Coorination Architecture in Cluster Approach
(UNOCHA 2019¢).

Figure 2.1: Cluster approach schematic. Agencies presented in this schematic are described in
Table 2.1.

Table 2.1: Cluster Coordination Agencies UNOCHA (2019¢).

Agency Role Description
Emergency Re- | Oversees all emergencies with UN humanitarian operations and assigns

lief  Coordinator | a HC. Leads the IASC and ensures its approval of the HC selection.
(ERC)
Inter-Agency A forum formed by humanitarian partners that develops policy, assigns
Standing Comittee | responsibilities, and addresses gaps in the humanitarian operation.

(IASC)
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Office for the Co- | Facilitates coordination between clusters, as well as offers support and
ordination of Hu- | guidance to the HC and HCT.

manitarian Affairs

(OCHA)

Humanitarian Co- | Assesses the need for humanitarian assistance for a disaster, as well as
ordinator (HC) organises response operations.

Humanitarian A forum composed by the UN, International Organization for Migration,
Country Team | international NGOs established by the HC that develops solutions to
(HCT) common strategic issues during humanitarian response.

2.3 Humanitarian and Commercial Logistics

While the key characteristics of humanitarian and commercial logistics are aligned, their context
and objectives are distinctively different. Therefore, adopting commercial logistics frameworks
to model humanitarian operations will fail to capture its complexities, despite the fundamental
theorems and methodologies being transferable from one to the other (Thomas & Kopczak 2005,
Van Wassenhove 2006, Beamon & Balcik 2008, Holguin-Veras et al. 2012).

The main distinction between both relates to their objectives. The aim of humanitarian
missions is to alleviate suffering, which is quantified as a deprivation cost - a measure of the
well-being of a community. The definition of deprivation costs is an active area of research, as
the services provided during humanitarian logistics are often intangible (Holguin-Veras et al.
2012). In contrast, commercial logistics focuses solely on logistics costs and customer service.

A further differentiating factor is the origin of supply (Holguin-Veras et al. 2012). In
commercial scenarios, commodity generation is controlled by the supplier and thus is regular.
Instead, humanitarian organisations rely on en-mass donations by governments and organisations.
A significant portion of this material is unsolicited and becomes counter-productive to the
mission as NGOs must divert their scarce resources to manage and dispose unwanted products.
(Van Wassenhove 2006, Ulkii et al. 2015).

Similarly, uncertainty in demand forecasting is greater in post-disaster contexts as they are
derived from extreme events, so are unpredictable in terms of location, size and timing. The

problem is further accentuated due to the lack of lead times between the occurrence of the
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demand and the time supplies are needed, meaning that there is a very short time window
to survey the affected community and understand their needs and the extent of damage (Van
Wassenhove 2006).

The stakeholders have generally homogeneous interests in commercial contexts, and decision-
making is relegated to small groups of people (Van Wassenhove 2006, Thomas & Kopczak
2005). Therefore, the decision-making structures and information systems are generally mature.
Despite the existence of coordinator organisations (OCHA) and lead logistical support services
(WFP), post-disaster logistics generally involve many different organisations, each with different
supply chains, sizes, and aims. The result is a highly dynamic, heterogeneous environment
that is difficult to coordinate and monitor. A more detailed description of the stakeholders is
provided in Section 2.4.

Finally, post-disaster logistics operates on unstable networks, where multiple links may be
severely damaged or blocked. The state of the network is generally unknown, which contributes
to the high uncertainty in travel times, and risks posed to humanitarian workers (Holguin-Veras
et al. 2012, Van Wassenhove 2006, Beamon & Balcik 2008).

Table 2.2: Humanitarian and Commercial Logistics Differences.

Category Humanitarian Commercial

Objective Alleviate suffering. Increase profits

Supply Uncontrolled and uncertain. Regular and controlled.
Demand Unpredictable in size, location | Predictable and cyclical.

and timing.
Stakeholders | Large in number, diverse in size, | Small, with common objectives.
capability and objectives.
Network State | Severely damaged, the degree and | Robust and resilient.
location of which is unknown.

2.4 Stakeholders in Humanitarian Logistics

The number and type of stakeholders involved in humanitarian relief differ significantly from
those in commercial logistics. While in commercial logistics few stakeholders share a common

goal under a regulated and controlled environment, humanitarian stakeholders have a diverse set
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of objectives, capabilities, constraints and sizes, despite sharing the goal of alleviating suffering.
The actors involved are summarised in Table 2.3.

International Relief Organisations will generally act under the United Nations cluster
structure (described in section 2.2) which coordinates the response of other international and
local organisations, and the military if deployed. However, the coordination of the many relief
organisations is complex given the existence of communication barriers relating to culture
diversity, the infrastructure deficiencies due to widespread damage, the politically volatile
environment, and time pressure (Van Wassenhove 2006).

Local relief operators are fundamental in providing fast response given their geographical
advantage. Their importance is being increasingly acknowledged by the humanitarian community;,
with the World Humanitarian Summit officially promoting localisation through the establishment
of formal relationships and commitments with organisations and donors in 2016 (Ponda 2008,
Sumaylo 2017, Barbelet 2018). Other advantages of local NGOs include lower structural and
labour costs, as well as lower communication and cultural barriers.

The host government is ultimately responsible for disaster response, and must issue approval
for international relief operators to intervene, which may incur in additional delays. Additionally,
the government manages access to key infrastructure, such as airports, seaports, among others
(Kovécs & Spens 2007). Foreign governments may support recovery operations through financial
or in-kind donations, or by providing consultant or expert staff for reconstruction projects
(PAHO & WHO 2001).

The media provides an essential role to raise awareness and to inform the population of
potential dangers, active evacuation procedures and best practices (Robinson 2000). Eftekhar
et al. (2016) reported a positive correlation between the amount of media exposure NGOs receive
and the quantity of donations obtained. However, the same study highlighted that excessive in
media attention may preclude coordination between organisations.

Donors provide the bulk of funding that humanitarian organisations require to finance
their operations. Donations may comprise of cash or supply donations, any of which may
be earmarked, restricting its spending to a specific activity or response operation. A major

problem in humanitarian response is the presence of unsolicited donations, which frequently
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cause bottlenecks in the supply chain and produce debris (Van Wassenhove 2006, Ulkii et al.
2015). In case of insufficient funding, NGOs may have access to common funds established by
OCHA (UNOCHA 2015, 2019a).

The private sector is a major contributor to the humanitarian community by providing in-kind
donation of products and services, or by partnering with specific humanitarian organisations.
In particular, logistics service providers are important actors in relief supply chains, supporting
NGOs and governments (Stirk 2014).

The military provides rapid deployment and additional capacity for humanitarian organisa-
tions (Wolfson & Wright 1995, Barry & Jefferys 2002, Tatham 2011). However, the humanitarian
principles may be perceived endangered if organisations cooperate with international military.
Peace-building initiatives may be viewed as coercive among beneficiaries, and may jeopardise
humanitarian missions. Apart from common operations such as relief distribution or search
and rescue, the military may be required for protection or to ensure freedom of movement in
emergencies involving armed conflict.

Finally, beneficiaries are those recipients of humanitarian aid and have little control of the
humanitarian supply chain.

Table 2.3: Humanitarian Stakeholder Levels.

Scale Stakeholders

Local Level Local NGOs

National Level Host Government, Military

International Level | International NGOs, Foreign Governments
Other Donors, Private Sector, Media, Beneficiaries

2.5 Humanitarian Logistics Stages

Despite the existence of formal international humanitarian organisations since the 1950s (refer
to Section 2.1), the field of humanitarian logistics research is novel, with few papers being
published before 2005 (Kovacs & Spens 2009). However, contributions to the field have grown
significantly ever since (Banomyong et al. 2017).

Humanitarian logistics literature includes all activities that focus on alleviating and reducing
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the impact of disasters (Kovédcs & Spens 2007, Khan et al. 2008). The operations are structured
as a cyclical process under the disaster risk management framework (see Figure 2.2), which

highlights the inter-dependency between the stages. These are as follows:
e Disaster: An event that endangers human lives, and damages essential infrastructure.

e Response: Involves immediate procedures to alleviate suffering, which occur on the first few

days after the disaster. Examples include search and rescue or disaster relief distribution.

e Rehabilitation: Focuses on restoring essential lifeline services such as transportation,

energy or water. The process may take weeks to months.

e Reconstruction: Constitutes long-term processes that aim to return services to business-

as-usual.

e Prevention: Concerns the development of risk-prevention plans to reduce the damage to a

community in case of a disaster.

e Mitigation: Aims to minimise the impact of future disaster events. Examples include the

development of vulnerability analysis or earthquake building codes.

e Preparedness: Involves activities that intend to reduce the time to respond to a disastrous

event. Common examples include pre-stocking, warning systems and evacuation trials.

Emergency drills. Search & Rescue.
Pre-stocking. Relief.

Shelters. /7 N Evacuation.
Reduce impact of f

\ Service
future events.
Mitigation

Restoration.

Prevention ] [Reconstruction
e_

Reduction of

Ri ti f
future disaster esumption o

services.

occurring.

Figure 2.2: Cyclical Humanitarian Logistics Nature UNOCHA (2019b).
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This review focuses on the response stage of humanitarian relief, which is characterised by
its urgency and immediacy. In these situations, humanitarian respondents are heavily influenced
by stress and emotional responses, which can lead to biased assessments of the environment and
rushed decision-making (Campbell & Clarke 2018). Therefore, the development of algorithms that
assist operators in the decision-making processes are essential to the success of the humanitarian
operation.

As the operations during the preparedness phase have a direct impact on the relief distribution
problem, these are also analysed. Furthermore, aspects of infrastructure repair are incorporated

into this review, as these quantify network accessibility and damages caused by the disaster.

2.5.1 Preparedness Phase

The preparedness phase includes all activities related to the planning of humanitarian operations
before a disaster. Common operations in this stage involve the estimation of damages and
needs, which are used to determine the type and quantity of goods required and the potential
distribution locations.

This process is essential to the survival of the injured population, as needs assessments
generally require 72 hours to be produced (WFP 2018¢), which represents the time period of
highest survival rates in response operations (Huang & Lien 2012). In this stream of research,
Vecere et al. (2017) developed a predictive model to estimate the number of displaced people
likely to require sheltering and temporary housing. Likewise, Song & Yan (2016) proposed an
evacuation demand estimator using demand curves.

An alternative approach is to estimate the needs requirements by assessing the disaster dam-
ages, which vary in terms of scale, time horizon depending on the type of disaster. As indicative
examples, Battarra et al. (2018) developed demand estimation approach for earthquakes, while
Kung et al. (2012) created a damage prediction model for debris-flow disasters. More recently,
social media activity has been identified as a proxy for damage assessment by Kryvasheyeu et al.
(2016). Similarly, Nguyen et al. (2017) estimates damages using social media imagery data.

The results of the models described above are used as inputs to design the humanitarian

supply chain based on demand scenarios probabilities, with the objective to maximise coverage of
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service or ensure a quality threshold. The mathematical formulation of this problem corresponds

to the Resource Allocation and Hub Location Problems.

Hub Location and Resource Allocation

The Hub Location Problem (HLP) seeks to determine feasible and optimal geographical location
of distribution warehouses based on estimated operation costs. While the basic problem solely
considers warehouse location, it is commonly combined with the Resource Allocation Problem
to calculate the amount and type of commodity at each warehouse. The resultant problem is
described as the Hub Location-Allocation Problem, which is the focus of this review.

The Location-Allocation problem has been explored extensively in the literature (Klose
& Drexl 2005), but has generally focused on commercial applications. While the underlying
concepts may be similar for humanitarian use, significant differences in objectives and constraints
(detailed in Section 2.3) preclude the adoption of commercial models for humanitarian contexts.

Most papers in the humanitarian literature proposed the p-hub median and hub covering
formulations (refer to Table 2.4). The former generally utilises objective functions that minimise
total travel times as a proxy to reduce mission times, while the latter ensures a minimum quality
of service is met, aligning with humanitarian concerns of equity and fairness.

The p-hub median problem was first presented by Hakimi (1964) and represents the funda-
mental HLP. Within this framework, extensive work has been produced to optimise humanitarian
operations that seek to minimise operation costs and mission duration.

Rawls & Turnquist (2010) remains among the most cited work in this stream of literature.
The study solved the pre-location and allocation of multiple commodities for relief distribution
(water, food and medical kits) by using a heuristic algorithm that considers stochastic network
conditions and demand. Link state is categorised by its usability, and determines whether a
link is accessible or not, with the implicit limitation of not considering link capacity or partial
damages in the network.

Extensions to this work have been proposed by Rawls & Turnquist (2011, 2012). The studies
incorporate a service quality objective, which ensures that the maximum distance between

hub and customers does not exceed a specified limit. Furthermore, a reliability parameter « is
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defined to measure the probability of meeting all demand. Rawls & Turnquist (2012) introduced
a dynamic component to the pre-position of cargo for short-term relief distribution - assuming a

mission horizon of 72 hours.

Table 2.4: Hub Location Problem Types.

Problem Type | Description

p-hub median Selects a p number of hubs that minimise transport flows between all
origin-destination pairs k.
Fixed cost A relaxation of the p-hub median approach where the number of hubs

selected is a new decision variable. Each potential hub location is
associated with a fixed cost ¢, so the algorithm minimises the compound
cost of selecting hubs and transport flows.

p-hub center Presented as a minimax problem and analogous to the p-hub median, the
algorithm seeks to minimise one of the following: (1) the maximum cost
of transporting goods for any origin-destination pair, (2) the maximum
cost of transporting goods from any node to any origin-destination pair,
or (3) the maximum cost of transporting goods through any link.

Hub covering Aims to maintain the travel cost between hubs to any demand node
below a maximum value.

Given the difficulty in accurately assessing population needs and damages, humanitarian HLP
studies focus on incorporating stochastic factors to increase the robustness of their models. This
is the line of research followed by Bozorgi-Amiri et al. (2012), who formulated a single-commodity
p-median location problem under uncertain demand, procurement costs, and transportation
costs. The study uses a Particle Swarm Optimisation (PSO) algorithm (the reader is referred
to Section 6.2.2 for a detailed description of this algorithm), highlighting the need to rely
on meta-heuristics to improve the applicability of proposed methodologies given the scale of
humanitarian logistics, a sentiment that has been replicated by Ozdamar & Ertem (2015).

An important limitation of the study is the focus on reducing operational costs, rather
than evaluating other performance indicators that are relevant in humanitarian operations.
Bozorgi-Amiri et al. (2013) addressed this by minimising maximum shortages, formulating a
p-centre HLP. The study proposes a multi-commodity robust optimisation problem solved using
Compromise Programming.

The limitations highlighted in Bozorgi-Amiri et al. (2012) are common in p-median algorithms,
as their objectives generally consider cost minimisation. Hub covering problems closely align

with humanitarian principles, as they focus on ensuring a specified minimum level of service.
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Balcik et al. (2008) were among the first to explore the humanitarian hub covering problem.
Their study presented a hub allocation-location problem to optimise humanitarian relief dis-
tribution operations. An exact solution method is used to develop a global relief supply chain
of two types of commodity assuming fixed hub costs and capacity, but disregarding network
reliability or network state.

More complex objective functions were explored by Timperio et al. (2017), who evaluated
eight different parameters: population proximity to the selected hubs, distance to the demand
points, exposure risk of area to a disaster, proximity or access to key infrastructure like airports,
access to major transport corridors, congestion based of runway utilisation, costs, and proximity
to an economic centre.

To this point, the reviewed research has only considered stochastic components that relate
to demand and costs. Nasiri et al. (2018) proposed a hub covering problem to design human-
itarian supply chains considering major disruptions in hubs as a result of the disaster. The
algorithm additionally considers stochastic supply and demand, heterogeneous fleets, and budget
limitations.

The HLP is also applied to optimise evacuation shelter location. Hu et al. (2012) proposed a
modified PSO heuristic applied to a discretised geographic optimisation problem. The algorithm
seeks to minimise the number of shelters that provide sufficient capacity to satisfy demand
using a distance-based allocation of evacuees to each shelter. An extension was developed by Hu
et al. (2017), where a Genetic Algorithm (GA) is implemented instead. However, an important
limitation of the study is the use of shortest distance routes between residential and shelters,
which may not be the fastest or safest routes when considering congestion.

While initially focused on their role for surveillance and data gathering (Tatham 2009),
the integration of UAVs into humanitarian and commercial delivery has been recently studied
in the literature. In this context, Golabi et al. (2017) presented a stochastic facility location
problem to transport relief using UAVs that is solved using a flow capturing location problem.
The study assumed that people will travel to their closest open facility, with the algorithm
minimising aggregate travel time for UAVs and persons. Several scenarios are generated using

various disaster magnitude and seismic models of the city.
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Shavarani (2019) studied the design of relief distribution networks for UAVs by formulating
a multi-level facility location that allocates demand to be transported, and then selects optimal
recharge stations. A GA aims to minimise aggregate distance travelled, but implicitly assumes
that recharge stations have unlimited reload capacity. A similar methodology is applied to solve
a commercial drone delivery system in the city of San Francisco (Shavarani et al. 2018).

Scott & Scott (2017) proposed a healthcare network design model using UAV and terrestrial
transportation minimising total weighted delivery time and maximum weighted delivery times.
The lack of consideration of regulatory hurdles or energy usage precludes the applicability of
this model in realistic scenarios.

In the commercial context, Hong et al. (2018) proposed a recharging station coverage model
that ensures the delivery areas lie within the specified range. However, the algorithm ignores
energy consumption variations due to weather and payload, but includes obstacles generated
by airports and other areas that impede UAV routing. The model further ignores constraints
relating to the inventory levels of the recharge stations.

The studies presented in this section have focused in determining the appropriate location
of warehouses and allocation of demand in humanitarian contexts. In particular, studies have
considered the stochastic nature of the demand and supply, with few including network damages
and disruption of the operations as a result of the disaster. Incorporating these extensions into
the original HLP have required the development of bespoke heuristics and meta-heuristics to
improve the scalability and applicability of the model.

Improvements to the reviewed literature can be made by considering operational components
of humanitarian response including relief transportation. This would provide more accurate
transportation costs, driving times, and lead times. Aspects of network damages and accessibility

can be included to further improve model robustness.

2.5.2 Response Phase

The response phase consists of the operations that occur immediately after a natural disaster
and focuses on transporting the required materials or personnel to the correct location at the

appropriate time, while ensuring the safety of those delivering the product and those receiving
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it. This phase includes evacuation process, which instead aims to relocate the population to a
safe location. Both operations are vital to the success of the humanitarian response mission and

to the survival of the affected population.

Relief Distribution

The time-critical aspect of humanitarian logistics makes the optimal routing of vehicles paramount
in ensuring a fast, fair and safe operation. For this purpose, the Vehicle Routing Problem (VRP)
provides a means to develop delivery schedules considering cost, accessibility, and priority among
other factors.

Fundamentally, the VRP is a generalisation of the Travelling Salesman Problem (TSP),
which determines the optimal schedule for a vehicle to travel to all its customers and return to
its initial position (the depot). Instead, the VRP considers multiple vehicles simultaneously,
with some modifications. Those relevant to humanitarian relief are presented in Table 2.5.

Table 2.5: Vehicle Routing Problem Characteristics.

Feature Description

Vehicle Capacity | Vehicles have limited /unlimited cargo carrying capacity.

Vehicle Fleet Size | The number of vehicles available is constrained by available budget, a
pre-determined number, or may be unconstrained.

Uncertainty Information is known (deterministic) or uncertain (stochastic). Stochas-
tic properties can be considered in the following: delivery times, travel
times, and demand quantities.

Load Splitting Deliveries to a single customer may be carried out by more than one
vehicle.

Time Windows Deliveries must be carried out within a specified time-frame.

Time Horizon Problem consider a single period of operation or multiple periods.

Vehicle  homo- | Vehicle fleet may be composed of vehicles with the same, or different
geneity characteristics.

Refuelling or | Vehicles driving distance is limited and must recharge/refuel to extend
Recharging operational range.

Haghani & Oh (1996) were among the first to address the disaster relief distribution problem,
which is formulated as a multi-commodity network flow model that considers multiple transport
modes. Improvements to this algorithm were proposed by Barbarosoglu & Arda (2004) by
including stochastic demand and supply based on disaster intensity.

Further stochastic components are evaluated by Sheu (2007), who applies fuzzy logic to
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incorporate uncertainty in demand and location of victims. The model classifies damaged areas
to generate clusters, then assigns rescue teams to each cluster, and solves the VRP to transport
aid to the damaged areas. An expansion to this model is presented by Sheu (2010), which
introduced demand forecasting and a multi-type relief distribution algorithm.

Yi & Kumar (2007) incorporate split-delivery constraints in their multi-commodity VRP.
An Ant Colony Optimisation (ACO) algorithm governs bi-stage process that determines the
vehicle routes and then assigns commodities to the routes. Vehicles are allowed to wait at any
node, but the itinerary must end at a depot, which may differ from the starting depot.

A time-dependent VRP is proposed by Ozdamar et al. (2004), which is solved continuously
during the aid delivery operation, generating requests and updating available supplies. A
distinctive feature of the model is that vehicles are allowed not to return to depots, and can
instead wait in their last stop until the next order is given, allowing depot relocation during
response. A similar problem is presented by Victoria et al. (2016), who consider time-dependent
demand that varies based on the proximity to the source of the disaster.

More recently, Ozdamar et al. (2018) presented an arc VRP, similar to the Chinese Postman
Problem, that incorporates the effects of the disaster response to traffic flows. In this problem,
delivering goods at an arc blocks traffic, so the objective balances the speed of the response and
any disruption to traffic.

In the context of aerial delivery, Barbarosoglu et al. (2002) incorporates crew assignment to
disaster logistics optimisation problems that is structured as a two-stage model. The first phase
contains the crew assignment problem considering the helicopter type and pilot competence,
while the second consists of a VRP. An iterative coordination heuristic and feedback mechanism
is created to ensure both phases feed their results to the final solution.

De Angelis et al. (2007) presented a multi-depot multi-vehicle routing and scheduling problem
to model the delivery of food using planes by WFP in Angola. The algorithm produces weekly
schedules that maximise demand satisfaction, allowing a fixed length of operation for each day.
A key component is that vehicles are allowed to return to any depot to park for the night.

Refuelling constraints are considered by Ozdamar (2011), who designed a means to coordinate

helicopter operations for aid distribution and evacuation assistance. The model follows a two-
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step process, the first being a network flow model that minimises mission time, considering the
commodities and injured persons transported by each helicopter. The second phase consists of a
post-processing algorithm that transforms the flows into vehicle routes, ensuring fuel constraints
are satisfied. A similar problem is evaluated by Al Theeb & Murray (2017), who incorporated
a crew assignment problem to the simultaneous aid distribution and evacuation problem. An
iterative heuristic is proposed to improve the scalability compared to exact methods.

Bruni et al. (2018) proposed a VRP that minimises vehicle arrival times while considering
stochastic travel times. Given the complexity related to computing arrival times, an iterated
greedy heuristic is developed which contains three stages: a construction procedure that generates
initial solutions, an adaptive local search approach that improves solutions based on well known
heuristics, and a destroy procedure that diversifies the solution pool.

Recent literature has studied the feasibility of humanitarian and commercial UAV delivery.
One of the first studies on UAV deliveries was developed by D’Andrea (2014), which proposed
a coarse method to estimate supply chain costs and energy requirements for multi-rotor UAV
delivery. Haidari et al. (2016) developed a simulation model to analyse the impact of using UAV
for vaccine distribution using a range of supply chain structures.

Nedjati et al. (2015) developed an UAV-based relief distribution model for densely populated
cities in the aftermath of an earthquake. The location of victims and warehouses are assumed to
be known, demands are estimated using population levels as a basis, and only one commodity is
transported. The model specifies three mission types: 2.5, 3 and 24-hour missions, each with
different first aid kit size associated.

Within commercial drone applications, Murray & Chu (2015) formulated the Flying Sidekick
Travelling Salesman Problem (TSP), where a conventional ground vehicle acts as a mobile depot
for UAV deliveries to customers along its route. Extensions to the Flying Sidekick TSP have
been proposed by Ha et al. (2018), Es Yurek & Ozmutlu (2018) and Ham (2018), considering
multiple vehicles and depots.

Aspects of refuelling and recharging are incorporated by Coelho et al. (2017). Their study
modelled urban deliveries using the Green VRP that focuses optimising energy consumption.

However, akin to the previous studies, it ignores the effects of payload on vehicle range and UAV
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trajectory design, and warehouse locations. The latter is particularly significant in UAV-related
applications given the limited range of UAVs, as it expands the scale of operations.

The key assumption of these studies relates to the UAV operating range, which ignores
varying payloads and energy management. Song et al. (2018) proposed a simplistic linear
relationship that ignores other sources of energy variability. A more accurate model was
developed by Dorling et al. (2017) in their study of urban goods distribution model. However,
they focus on multi-rotor vehicle operations (with simple flight dynamics), and a single depot
without field recharging, limiting coverage and applicability.

The problem of aid distribution has been explored extensively in the recent years using
the VRP framework. Studies have focused on incorporating different aspects relevant to
humanitarian response, including crew assignment, integration with evacuation procedures, and
uncertainty. These studies are solved using heuristics methods to overcome the complexities of
VRPs.

However, key decisions regarding the location of the distribution centres are not covered
in the research reviewed above. This is of particular interest for UAV-routing algorithms as
determining the appropriate locations of recharge stations can extend their operational range

substantially. For this reason, the next section explores the Location-Routing Problem.

Combined Relief and Facility Location

The Location-Routing Problem (LRP) integrates aspects of the HLP and the VRP to simulta-
neously optimisate warehouse location and delivery itineraries that satisfy demand. Similarly to
the VRP, the LRP is NP-hard, so exact solutions generally lack scalability (Perl & Daskin 1985,
Laporte et al. 1986, Albareda-Sambola et al. 2005, Drex] & Schneider 2015).

Amongst the most cited publications in this stream of research is Yi & Ozdamar (2007), who
solved the capacitated LRP for evacuation and support in disaster response. A bi-stage model
first determines the location and network flows, which are later converted into vehicle routes.
The algorithm maximises the response level by locating medical facilities and distributing relief.
Further objectives are evaluated by Abounacer et al. (2014) including total transportation times,

total personnel required to operate hubs (hub number minimisation), and total demand not
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satisfied in the area.

Bozorgi-Amiri & Khorsi (2016) developed the capacitated stochastic LRP using dynamic
stochastic programming that integrates strategic, tactical, and operational decisions. The
objectives aim to maximise fairness and efficiency by reducing costs, travel times, and undelivered
demand. The proposed algorithm, while providing exact solutions, lacks scalability due to
exponential computational run-time.

A two-stage, multi-objective, multi-period and multi-commodity LRP is presented by Vahdani
et al. (2018a) for humanitarian logistics. The algorithm reduces total transport cost and response
times while considering split delivery and uncertainty in problem properties. Two meta-heuristics
are develop to solve the problem, including a GA and a PSO algorithm.

Ahmadi et al. (2015) incorporated network failure in their LRP formulation as a binary:
complete failure (road closure) or business-as-usual. A two-stage stochastic optimisation
procedure is proposed and a deterministic but scalable Variable Neighbourhood Search are
proposed. The latter is applied the large case study based in San Francisco.

Rennemo et al. (2014) proposed a stochastic LRP using a three-stage approach where the
first determines optimal location of warehouses, and the last two determine the amount of aid to
be distributed and the vehicle itineraries. The proposed algorithm assumes stochastic demand
and supply, cost and time of travelling through the network, and budget.

The LRP framework has been commonly applied to UAV deployments as recharging station
location is of particular importance given the short ranges of UAVs. In the context of military
UAV deployments, Saricigek & Akkus (2013) studied the use of UAVs to monitor the national
borders of Turkey by modelling the LRP as a bi-stage algorithm. The first stage consists of
a p-hub median problem that yields hub locations, while the second stage of the algorithm
determines optimal UAV routes at each hub.

A similar problem is formualted by Yakici (2016b6) for tactical reconnaissance missions.
An ACO algorithm is used to solve multiple problem instances, providing solutions of similar
quality to exact approaches. Further expansions to this study were proposed by Yakici (2016a)
and Yilmaz et al. (2018), including time-windows and spatio-temporal constraints. The latter

transforms the VRP section of the LRP to a Team Orienteering Problem, which considers the

47



CHAPTER 2. CURRENT APPROACHES FOR HUMANITARIAN OPERATIONS

selection of beneficiaries that will provide a greater contribution to the objective.

The LRP provides an accurate representation of the humanitarian operations given the
reciprocal nature of location and routing decisions. The complexity of LRPs require the
development of bespoke bi-stage algorithms, where the location and routing optimisations
problems are solved in tandem. This framework has been applied to problems considering
time-windows, multiple commodities, and stochastic components including uncertain demand,
supply and network damages.

The capability of simultaneously solving warehouse location and vehicle routing is of partic-
ular importance to problems considering refuelling constraints, as the appropriate location of
these refuelling stations have a significant impact on the vehicle route and overall operational
performance. Despite the opportunity for rapid deployment that UAVs provide in the context
of medicine and relief delivery, most studies have focused on the vehicle routing aspect and
warehouse location problem separately. While this approach may be applicable for commercial
settings, where networks are long-term and relatively static, humanitarian logistics networks are
not as robust, especially during immediate response.

Furthermore, UAV-routing research has proposed simplistic a representation of energy
consumption and trajectory design to date. Only Dorling et al. (2017) proposed payload-
sensitive energy consumption patterns for multi-copter UAVs. Despite this, their study assumes
a single depot, and does not consider energy management and inventory levels. The latter also
applies to other HLPs and VRPs reviewed that consider UAV recharge.

Regulatory limitations are also commonly ignored in the reviewed literature, despite their
notable impact on UAV applicability. Further discussion on this matter is presented in Chapter

3.

Evacuation

This subsection has been adapted from the following publication: Escribano J, Angeloudis P,
Han K (2020). Optimal design of rapid evacuation strategies in constrained urban transport

networks. Transportmetrica A: Transport Science 16 (3), 1079-1110.
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Evacuation constitutes an essential and common disaster response mechanism aiming to
temporarily relocate populations before, during and after large-scale disasters while seeking to
minimise potential loss of life. Given the inherent managerial, societal, financial, behavioural,
and operational aspects of evacuations, adequate planning is required to ensure their effectiveness
and safety.

Key among the factors impeding evacuation processes is the unique traffic patterns that
arise due to the sudden surge in travel demand, which contravene nominal traveller behaviours.
However, even when extensive warning is given, the mass mobilisation imposes excessive strains
on the transport network due to the small time window, the lack of resources and the number
of evacuees (Thomas & Kopczak 2007). As a result, network congestion is among the most
significant challenges encountered during emergency evacuations and is aggravated by spillbacks,
shockwaves and gridlocks.

As is the case with ordinary traffic, many evacuation strategies rely on capacity expansion
measures to preclude the occurrence of congestion. Among them, contraflow and crossing
elimination have been found to result in capacity increases of up to 70% and 40%, respectively
(Wolshon 2001, Cova & Johnson 2003). However, such techniques rely on prior familiarity with
evacuation plans and are likely to increase safety risks in scenarios where evacuees are unaware
or non-compliant (Xie et al. 2010).

Demand management has been explored as an alternative method to limit congestion effects
by restructuring the distribution of evacuees across the network (Abdelgawad & Abdulhai 2009).
This is achieved by providing alternate safe sites to evacuees or by staging departures at their
source (Chen & Zhan 2008).

In this context, UAVs can be used as a guidance mechanisms to aid evacuation, or for traffic
and crowd management (American Red Cross 2015, Hildmann & Kovacs 2019, Xiong et al.
2016, Seo et al. 2017, Puri 2005). In particular, UAVs may be utilised in case damages to
conventional traffic management systems fails (traffic signalling) or to provide real-time changes
to the network systems.

The development of demand management optimisation algorithms necessitate the accurate

representation of congestion effects in the network. However, the estimation congestion levels
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during an evacuation is not a trivial task. The occurrence and scale of gridlocks, spillbacks and
shockwaves are dependent upon time and user behaviour, and as such cannot be integrated
directly into linear optimisation algorithms without affecting model accuracy or computational
performance (Lu et al. 2005). As a result, many previous studies on congestion prediction have
adopted bi-level optimisation models that involve Stackelberg games.

In such a model, the upper-layer usually focuses on decisions taken by a “super-user”, who
assumes the role of the decision-maker and possesses perfect knowledge of the evacuation process.
In practice, this role is assumed by emergency management and law enforcement organisations,
with support from transport agencies (Urbina & Wolshon 2003). Conversely, the lower-level
focuses on modelling the effects of these decisions (Urbina & Wolshon 2003, Abdelgawad &
Abdulhai 2009). Typical implementations use traffic assignment models, which may vary in
scale and detail (Table 2.6).

Hobeika & Kim (1998) were among the first to use demand staging for evacuation modelling
of user equilibrium (UE) and shortest path (SP) assignments in nuclear power plant evacuations.
However, their study did not consider system optimum (SO) assignment, limiting the effectiveness
of any evacuation plan.

Sbayti & Mahmassani (2006) developed a bi-level optimisation algorithm where the upper-
level generates all evacuee origin-destination choices and initial time-dependent historic assign-
ment paths to the lower level. The latter uses a mesoscopic cell transmission model (CTM)
featuring dynamic SO traffic assignment.

Table 2.6: Traffic Assignment Model Types.

Model Type | Description Examples

Microscopic Models every individual’s behaviour, mak- | OREMS (Li et al. 2006)
ing it easier when compared to other models | and MATSIM (Nagel &
to track factors such as congestion. On the | Flotterod 2012).

other hand, it is very computationally de-
manding.

Mesoscopic Models groups of individuals or vehicles. | DYNASMART-P

It reduces computational complexity in ex- | (Sbayti & Mahmas-
change to some detailed interactions. sani 2006), DTALite
(Zhou & Taylor 2014),
and models by Szeto
& Lo (2004) and
Ziliaskopoulos (2000).
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Macroscopic | Models vehicle movement as fluid flows with | DYNEV (Goldblatt
no concern on individual interactions. 2004), and models by
Friesz et al. (1993) and
Han et al. (2013).

Another SO CTM-based solution is presented by Chiu et al. (2007) for no-notice evacuations.
Their formulation integrated departure schedule and traffic assignment decisions into the
single-destination bi-level evacuation optimisation model.

An optimal-control formulation is proposed by Liu et al. (2006), discretising the evacuation
area into staged departure zones, instead of the node-based departure staging strategies described
above. A similar problem is presented by Bish et al. (2014), who formulated a CTM-based
mixed integer linear problem for the reduction network of clearance times with multiple evacuee
types.

Mitchell et al. (2007) use a microscopic traffic assignment method with pre-trip and en-
route choice models to optimise network clearance time, highlighting the scalability limitations
derivative of microscopic assignment methods. Although considering single-route evacuation,
Chien & Korikanthimath (2007) presented a model that consider the total duration and any
congestion delays of multistage evacuations.

Chen & Zhan (2008) used agent-based simulation to evaluate the merits of evacuation staging
strategies under different network conditions, finding best results for geometric transportation
networks in high-density areas. Abdelgawad & Abdulhai (2010) proposed a spatio-temporal
multi-modal evacuation framework that minimises travel and wait times for evacuees.

More recently, Bretschneider & Kimms (2012) presented a pattern-based dynamic flow
model solved using a bi-level optimisation heuristic to minimise evacuation clearance time. Li
et al. (2012) formulated a shortest-path evacuation staging algorithm that minimises evacuation
congestion. Extensions developed by Xie et al. (2014) and Li et al. (2018) considered multiple
destinations and incorporated a time-expanded network flow model respectively.

Kimms & Maiwald (2017) developed a CTM-based evacuation planning model considering
contraflow and staged evacuation. A further study by Kimms & Maiwald (2018) investigated
route resilience by minimising potential capacity using a CTM evacuation model.

An alternative formulation developed by Even et al. (2015) used a tree-design framework
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to minimise converging and diverging delays and improve evacuation performance. A similar
framework is proposed by Pillac et al. (2016), where congestion and conflicts are minimised
through demand staging over pre-generated routes.

Another evacuation path generation algorithm is developed by Seekircher (2017), who
considers the selfish behaviour of the evacuees and manipulate evacuee behaviour through
strategic link blockages. The solution procedure consists of a bi-level approach where the
upper-level optimises the route choice and the lower-level manipulates the network structure.

The studies reviewed in this section have focused on the optimisation of evacuation processes.
In particular, the review highlights the significance of reducing the effects of congestion that
impede evacuation processes. While previous literature has formulated the problem as a VRP
(Ozdamar 2011, Al Theeb & Murray 2017), models structured as a Stackelberg game provide a
adequate framework to integrate congestion modelling into the decision-making process. Using

these frameworks, studies have included a variety of components in their models.

2.5.3 Rehabilitation Phase

The rehabilitation stage aims to restore key infrastructure that is essential to the normal
functioning of the community. The objectives tend to consider the overall service recovery,
restoration time and cost. Given our focus on disaster relief distribution, this section reviews
transport network recovery literature.

In this context, Duque & Sorensen (2011) developed a greedy randomised adaptive search
procedure based on the Variable Neighbourhood Search algorithm for allocating engineering
resources to repair road networks. The procedure aims to optimise network accessibility
constrained by the available budget and assuming a single time horizon.

A similar problem instance is solved by Aksu & Ozdamar (2014), who proposed an dynamic
Integer Programming (IP) model by relaxing a VRP problem to a path-based algorithm. The
algorithm maximises cumulative network accessibility during restoration considering resource
limitations and scheduling. However, the approach does not provide detailed routing options for
restoration vehicles. Zhang et al. (2017) presented a post-disaster network restoration algorithm

assuming stochastic restoration times. A GA is used to minimise total restoration time and the
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maximise the efficiency of the restoration strategy.

Further solutions to the ”debris removal problem” are proposed by Sahin et al. (2016).
A recursive Mixed Integer Linear Programming model (MILP) is developed to maximise the
cumulative network accessibility whilst minimising clearing time. Similarly, Akbari & Salman
(2017) conceived an exact MILP model to generate a synchronised road clearing schedule
for multiple engineering teams. A relaxed heuristic based on large neighbourhood search is
developed to solve large problem instances.

To this point, a recurring assumption relates to damages being static over the operation time
horizon. Kim et al. (2018) remedied this simplification by adopting a MILP model to minimise
the weighted sum of total damages and the completion time while considering time-dependent
damage characteristics. An ACO algorithm extends its applicability to larger problem instances.
However, the model was tested only in conditions where damage only varied once during the
mission, nor considered that repaired nodes can be destroyed again.

The combined problem of relief distribution and network repair has been studied by Yan
& Shih (2009). A multi-objective MILP model was proposed which is capable of planning
emergency road repair and subsequent relief distribution for multiple commodities simultaneously.
The objective reduces operational time, and considers equity constraints to ensure demand
satisfaction. A three-step method prioritises restoration works, schedules workers, and optimises
commodity flows.

Ransikarbum & Mason (2016) developed a Goal Programming-based (GP) multi-objective
integrated response and recovery model that optimises network recovery and relief distribution
simultaneously. Given limited operational budget, capacity and resource availability, the
algorithm minimises operation cost considering fairness and equity. Li & Teo (2018) conceived a
multi-period bi-level programming model to optimise road repair and relief optimisation. They
employ a GA to maximise relief delivery quantity, network accessibility and reduce operation
time.

Finally, Aslan & Celik (2019) presented a pre-positioning model for relief items considering
restoration efforts and relief transportation assuming stochastic road network damage. A two

stage stochastic optimisation program is proposed, which is solved using a Sample Average
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Approximation process. However, similarly to other approaches, the demand and damage of the
network is assumed to be known before relief and recovery efforts take place.

Post-disaster network restoration literature generally focuses on the maximisation of ac-
cessibility. In this context, studies assume deterministic damage distribution on the network
given that restoration operations occur weeks after the initial post-disaster operation, and
sufficient time is assumed to assess network damages. Among the only problems that considers
stochastic network damage is Aslan & Celik (2019), but the uncertainty is only applied during
the pre-positioning phase of their model.

The immediacy of response operations means network damages are not fully assessed when
relief is distributed. Therefore, algorithms that integrate relief and repair operations could
include stochastic network state in their approach. This is, however, not a trivial task, as
repair operations would alter the stochastic parameters that model the network. The resulting
problem is endogenous stochastic in nature, which is significantly more challenging to solve than

exogenous stochastic problems.

2.6 Concluding Remarks

This section has analysed the current humanitarian logistics structure and state-of-the-art in
post-disaster response research, including relief distribution and evacuation. The VRP has been
extensively used to optimise relief distribution operations and have been extended to adopt
stochastic optimisation frameworks that consider uncertain environmental elements, including
demand and supply, vehicle fleet capacity or budget, and network state.

The review has included aspects of the preparedness phase of humanitarian response -hub
location and resource allocation- as these are often integrated with relief distribution using the
LRP. Similarly, operations belonging to the recovery phase -network repair- have also been
reviewed.

The irruption of UAVs into the field of humanitarian response brings additional constraints
and objectives that are yet to be explored. While a few studies evaluate UAV routing algorithms

in the context of humanitarian relief, no holistic framework yet exists that includes key constraints
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that relate to energy management, recharge station location, integrated vehicle routing, and
accurate energy consumption representations. Chapter 5 develops such a framework.

Furthermore, UAVs provide an opportunity to develop novel mathematical problems inspired
by their unique applications. For instance, UAVs can be deployed to carry out relief distribution
and damage assessment simultaneously. However, no study yet has proposed such a problem,
despite the existence of real-life examples (DuPlessis 2016). This problem has been formulated
as an endogenous stochastic optimisation model and is presented in Chapter 7.

No study in the reviewed literature incorporates current regulatory frameworks to their UAV
trajectory designs, as most assume straight paths between origin-destination pairs. Despite the
application being appropriate in specific contexts like rural areas, the feasibility of these must
be investigated in greater detail. For this reason, Chapter 3 reviews existing regulations and
trajectory algorithms, which inform the development of a trajectory management algorithm

presented in Chapter 6.
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Chapter 3

Drone Operations Regulations and

Methods

Chapter 2 reported a lack of integration of UAV-related constraints into humanitarian operations.
In particular, the review highlighted the simplifications relating to energy consumption and the
disregard of regulatory frameworks.

While the linearisation of fuel consumption relationships may be reasonable for some road
vehicle applications, this assumption would misrepresent the effectiveness and operational range
of UAVs, particularly when considering variations due to weather and payload sizes. Hence, the
nonlinear behaviour of battery consumption is no longer insignificant, and have to be considered
in planning. These factors are covered in the design and optimisation of UAV trajectories.

Furthermore, UAVs will operate in shared airspace in conjunction with other aircraft of
different sizes and capabilities. As a result, any trajectory optimisation or planning algorithm
developed must conform existing regulations.

This section reviews the current regulatory frameworks that outline the minimal technical

and safety requirements for any UAV operation. Specifically, this chapter aims to:

e Review the international manned aircraft regulatory frameworks, given the early stage in

development of UAV rules.

e Explore the field of trajectory planning, identifying gaps and common methodology

including mathematical-based exact solution processes and heuristics.
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The review identifies sampling-based trajectory planning heuristics as a suitable method to
incorporate trajectory design aspects to the humanitarian relief model. To ensure the continuity
of this thesis, the algorithms developed will conform with the Performance Based Navigation
Framework that govern international manned aviation. A summary of the literature surveyed is

presented in Appendix B.

3.1 Drone Regulations

Aircraft regulation arose in the aftermath of World War II with the adoption of the Chicago
Convention in 1944 (ICAO 1944), which established the International Civil Aviation Organisation
(ICAO) as the international regulatory body for manned and unmanned aviation and exists
to this day. Its aim is to promote the planning and development of international air transport
ensuring the safe growth of international civil aviation.

Until the development of the first UAV-specific regulations in 2002 by the UK and Australia,
UAVs conformed with model aircraft regulations. However, the rapidly growing market and
technology enabled their widespread use for commercial applications, which required the
development of appropriate rules to ensure their safe and responsible use.

ICAO presents guidelines and common regulatory frameworks to aid national states in the
development of Unmanned Aircraft System Traffic Management (UTM) systems and promote
harmonisation (ICAO 2019b). In addition, the Task Force on UAS for Humanitarian Aid and
Development (TF-UHAD) was formed to aid the development of harmonised regulations by
national aviation authorities in the context of responding to emergency situations (ICAO 2019a).

Among the requirements for a harmonised regulatory framework is the enforcement of
automatic geo-fencing and Detect-and-Avoid (DAA) mechanisms, which limit the use of UAVs
to VLOS operations where the pilot holds responsibility of See-and-Avoid (SAA). Examples
include Europe (EASA 2015), United States (FAA 2012) and China (Stécker et al. 2017) among
others.

Some important differences in the approach towards regulating UAV activity is found in

leading legislation in Europe and the United States. These are reviewed in the following section.
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3.1.1 Current Regulatory Framework

In Europe, the regulation of UAV activity is governed by the European Aviation Safety Agency
(EASA), which was granted competence to legislate all drone activity by the revised European
Commission Basic Regulation in 2018 (European Parliament and Council 2018). The EASA
Technical Opinion NPA 10/2017 (EASA 2017¢) identified three drone categories (defined in
detail in Table 3.1): Open, Specific and Certified. The regulatory framework proposed is
designed to be operation-centric and proportionate to risk and performance.

Table 3.1: EASA Drone Categories (EASA 2015).

Category Description

Open Constitutes very low risk operations, such that safety is ensured solely
by minimum set of rules, requirements and operational limitations. No
authorisation by the competent aviation authority nor declaration by
the operator is necessary.

Specific Consists of any operation in which drones pose a significant risk to
persons or where a drone shares airspace with manned aviation. It
includes any operation that exceeds the Open category requirements,
and requires authorisation from the relevant national aviation authority,
as well as a risk assessment by the operator.

Certified Composed of high risk operations where the requirements are similar
to those for manned aviation. Therefore, regulations are adapted from
manned aviation.

Initial rules issued in 2017 (EASA 2017a) set the principles of registration, responsibilities of
operators and pilots, product legislation, e-identification and geo-fencing. In addition, Member
States are given responsibility to define airpsace zones where the use of UAVs is prohibited,
permitted or limited. The intention is to provide greater flexibility to the Member States.

Opinion 01/2018 (EASA 2018) extended regulation on the open and specific categories by
defining specific measures to mitigate the risk of their operations. In particular, three risk areas
were identified that preclude widespread UAV adoption: airborne conflicts, loss of control and
system failure.

Requirements relating to the maximum flying height, VLOS requirements, remote pilot
competency and determination of no-fly zones are identified as key towards the mitigation of
risks of ‘open’operations. In addition, the rules established subcategories A1 to A3 and CO to

C6, which differentiates operations based on its proximity to people and drone classes on the
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UAV’s take-off weight and its technical requirements, respectively.

Within the specific category, EASA proposed the creation of Light UAS Operator Certificates
(LUC), providing the operator with privileges including authorising their own operations (EASA
2017b). Without an LUC, the operator requires clearance by the competent authority and
must submit an operating risk assessment — comprising an airworthiness assessment, operating
procedures and environment -, the competencies of involved personnel and organisations, and
potential airspace issues.

The current road-map of EASA estimates that registration of drones in the open and specific
categories will become mandatory by the end of 2020. Operations in both categories are expected
to start in December 2021, depending on the competent National Aviation Authority.

In the United States, the Federal Aviation Administration (FAA) is responsible for developing
new regulation. Drone rules were issued under FAR Part 107, with exemptions issued on an
individual basis according to FAR Part 333 (FAA 2012, 2016). These rules are analogous to the
open category proposed by EASA.

Any BVLOS operation, night-flight, flight of multiple UAVs simultaneously with one pilot
require and any operation that exceed operational limitations defined in FAR Part 107 requires
the waiver. The process to acquire the waiver is time consuming, with an estimated response
time of 90 days.

A key difference between the EASA and FAA approach lie on the provision of BVLOS
operations. While neither permit BVLOS flight yet, EASA provides a regulatory framework
based on the specific category, and expects capabilities to be in place in the near future through
U-Space (see Section 3.1.2). In the current legislation, FAA does not assess the potential
regulations of BVLOS operations, and are only permitted in a case-by-case basis through the
FAR 107 waiver programme.

Table 3.2: Comparison between regulations in the European Union (EU) and the United States
of America (US).

Country | ID Detect DfP Max dis- | BVLOS | Max
& tance Height
Avoid
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US Category | Specific Category | 500m Specific 150m
depen- category | depen- category
dent dent

EU Category | >2bkg 150m EVLOS | On 122m
depen- possible | approval
dent

3.1.2 Traffic Management Services

The introduction of UAS into the airspace requires the provision of traffic management services.
The scale, altitude range and the extent of applications of UAS requires the development of
bespoke systems and procedures to ensure their safe deployment. Two major projects: U-Space

in Europe, and UTM in the United States, are explored in this section.

U-Space

U-Space consists of a set of federated services and procedures that provide simultaneous, safe and
efficient access to the airspace for UAVs. The systems aim to integrate UAVs into non-segregated

and controlled airspace, under all operating environments for all types of drones, mission, and

user types.
Table 3.3: U-Space Service Levels (SESAR 2019).
Category Description Services
Ul Provides ”foundation services”, which | Pre-tactical geo-fencing,

would allow UAVs to operate in areas where | e-registration and e-ID.
manned aircraft density is low. Completed
by 2019. The aim is to provide VLOS and
extended VLOS capabilities.

U2 Extends services from Ul and develops | Tracking, flight plan-
a first level interface between ATM and | ning management, emer-
manned aviation. Drone flights will no | gency management, and
longer be considered on a case-by-case ba- | strategic deconfliction,
sis, and some BVLOS operations will be | among others.

deployed routinely. Completed by 2022.
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U3 Focuses on expanding the developed tech- | Dynamic geo-fencing,
nologies to high density and complex ar- | collaborative interface
eas. The most significant increase in drone | with ATC and dynamic
operations is expected in this category, as | capacity management,
operations such as Urban Air Mobility will | among others.

be possible. Completed by 2027.
U4 Increases automation and improves inter- | Yet undefined.
faces between ATM and manned aircraft
with respect to U3. Full integration with
manned aircraft is supported. Completed
by 2035.

Four levels based on the technological requirements and deployment stage compose U-Space.
Their deployment and design is incremental, with each step proposing new services and extending
existing capabilities. The description and services provisioned at each service level are presented
in Table 3.3.

U-Space will provide services to authorities by developing inter-operability capabilities
between U-Space and ATM, data services through the provision of terrain, weather, and obstacle
data, and preparation, optimisation and deconfliction services to drone operators before, during
of after flight. Key components of U-Space include geo-fencing, flight path management, capacity
management, weather monitoring and automation.

Equally important is the development of adequate standards that support the harmonised
implementation of U-Space. In this effort, the European UAS Standards Coordination Group
(EUSCG) has been developed, which monitors and maintains a standardisation development

plan.

UTM

NASA's UAS Traffic Management (UTM) project aims to develop a traffic management system
that enables small UAVSs to access low-altitude airspace safely (below 400 feet above ground
level). Similar to U-Space, the fundamental objective of UTM is the development of technologies,
responsibilities and procedures to manage UAVs. The demonstration of its capabilities is
categorised into four categories of increasing complexity named Technical Capabilities (TC) and

shown in Table 3.4.
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In this system, BVLOS operations require to obtain a Performance Authorisation from the
FAA Regulators. The FAA then evaluates the request, ensuring that minimum performance
levels for navigation, communications and avoidance capabilities are met. Initially, the process
will be done on a case-by-case basis. However, it is expected that industry or government
develop specific packages depending on geographical location and intent (FAA 2015).

Table 3.4: UTM Technical Capacity Levels.

Technical Description

Capacity

Level 1 Rural UAV operations like agriculture, infrastructure monitoring
and firefighting. Completed in 2015 (Rios et al. 2017).

Level 2 BVLOS operations over sparsely populated areas. At this level,

the UTM system checks for conflicts automatically, and rejects or
accepts the plan based on these constraints. Completed in 2017
(Homola et al. 2017).

Level 3 BVLOS operations over suburban areas, including some manned /un-
manned conflicts. The focus of TCL3 was to test the Concept of
Operations, communication and navigation services, and particu-
larly the sense and avoid and data exchange systems. Completed
2018 (Rios et al. 2019)

Level 4 BVLOS operations over densly populated areas and high air traffic
density. The test is expected to occur in 2019 (FAA 2015).

The rapidly evolving regulations, and uncertain number and extent of services to be provided
to UAV operators by Unmanned Traffic Management Software make the consideration of
regulations in trajectory design challenging. For this reason, we review the current regulatory

framework of manned aircraft.

3.1.3 Performance Based Navigation

While the services described above will allow widespread use of UAS within very-low airspace,
any integration of UAS into manned airspace will require conformity with existing regulations.
Currently, any manned aerial operation must adhere to the Performance-Based Navigation
Framework (PBN).

These principles, outlined by ICAO, specify the Required Navigation Performance (RNP)
and Area Navigation (RNAV) systems performance required to enter the airspace (ICAO 2008).

The PBN requirements are defined in terms of accuracy, integrity, continuity and availability,
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the meaning of each is presented in Table 3.5.

RNP determines the on-board performance specifications of its monitoring and alerting
capabilities. As an example, RNP 5 specifies that the navigation system must calculate its
position within a radius of 5 Nautical Miles (ICAO 2009).

Therefore, instead of determining flight conditions based on on-board navigation sensors,
PBN ensures that any aircraft in the airspace will meet the minimum requirements to safely
travel within this airspace. As the framework is technology-agnostic and operation-centric, any
UAV that enters manned or shared airspace will need to conform with existing PBN and RNP
requirements.

Table 3.5: PBN performance measurements (ICAO 2008, 2009)

Measurement | Description

Accuracy Defines the error distribution position, speed and velocity measure-
ments, which must remain within a specified limit 95% of flight
time.

Integrity Refers to the ability of the system to provide warnings if the

aircraft transgresses a specified limit (referred to as containment
limit) generally set at 2RNP.

Availability Calculated based on the time that the navigator can use the services
of the system.

Continuity Refers to the probability of losing a navigation service during
operation.

Currently, there are no RNP requirements specified for UAV applications. While some studies
delved on the development of RNP requirements, extensive testing and numerical analysis are
necessary for the incorporation of the RNP categorisation frameworks into UTM operations
(Chiesa et al. 2014, Ren, Castillo-Effen, Yu, Yoon, Nakamura, Johnson & Ippolito 2017, Vascik
et al. 2018). The problem is of particular complexity given the heterogeneity in pilot competency,

automation degree, intent, and aircraft capabilities.

3.2 Trajectory Planning

In its most fundamental principles, the field of trajectory planning aims to determine the route
from a given starting point to a specified destination that minimises a set of objectives. While

commonly concerned with finding the shortest routes, further objectives may include maximising
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safety or avoiding detection among others.

The solution approach of trajectory planning problems can be divided into four sectors:
mathematical model-based optimisation, sampling-based heuristics, node-based heuristics, and
meta-heuristics. The next section reviews the literature of mathematical model-based optimisa-
tion, while Section 3.2.2 presents recent studies on the rest. Note that a combination of multiple
approaches is also common, for example the use of meta-heuristics to provide better solutions

to mathematical modes, or the use of sampling and node-based heuristics.

3.2.1 Mathematical Programming

Trajectory planning problems can be formulated as an MILP, achieved by defining the problem as
a series of discrete decisions considering linear constraints. Constraints resulting in non-linearity
normally involve bank angle and maximum airspeed, which can be converted to forces acting on
a point mass to create a linear problem. Richards & How (2002) used this method to solve the
trajectory planning method of aerial vehicles with collision avoidance.

Another example is presented in Bellingham et al. (2002), who solved a receding horizon
control problem to determine the trajectory of aircraft while avoiding rectangular obstacles. A
more recent use of receding horizon MILP is provided by Kuwata & How (2011), who created a
cooperative trajectory optimisation algorithm. The method is defined as a distributed robust
safe but knowledgeable algorithm, where the vehicles define their trajectory that can be modified
considering the movement of other vehicles.

Forsmo (2012) developed a MILP-based UAV path planner based on simplified kinematic
constraints, with the resulting linear problem being similar to the TSP. Flight time minimisation
is the objective of the MILP considering collision avoidance and static obstacles. Furini
et al. (2016) proposed an MILP formulated as a Time Dependent TSP that considers airspace
congestion. The algorithm generates conflict zones which enforces a wait procedure until
sufficient clearance is given.

A recurring limitation of MILP formulation is the simplification of kinematic constraints and
non-linear relationships that emerge in UAV flight. Optimal Control Problems (OCP) optimise

trajectory designs by manipulating control variables like thrust and head angle, which affect the
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Dynamics
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Figure 3.1: Trajectory Optimisation Schematic.

system state over time (see Figure 3.1). These problem instances are also known as Trajectory
Optimisation Problems (TOP), and are solved using the indirect method or the more popular
direct approach.

The indirect method is solved by constructing the optimal conditions analytically, which
yields an accurate result but may not be applicable to complex problem instances. An example
of this method's applicability is shown by Burrows (2012), who solved the energy-efficient
trajectory optimisation problem for a Boeing aircraft by expressing the objective function as a
Hamiltonian.

The direct method, on the other hand, transforms the OCP into a nonlinear problem (NLP)
model via discretisation and parameterisation of control and state variables. Its popularity
resides in its ability to find a solution without needing to develop a full analytic expression
(Betts 1998).

The most commonly used solution methods are direct shooting and direct collocation (or
direct transcription). Shooting estimates initial conditions and solves the NLP by integration,
which is performed using piece-wise control while evaluating constraints. The process is repeated
until convergence is reached.

Although single shooting is simple, it requires accurate guessing to yield a feasible solution,
which is challenging considering the instability of some NLP. Multiple shooting allows the
estimation of initial solutions in different sections of the trajectory, overcoming the instability
of the NLP (Morrison et al. 1962).

On the other hand, collocation compares the first derivative of the interpolating polynomial
to the derivatives of the equations of motion. If both derivatives are equal, then the interpolation
technique used is assumed to be a good approximation. Numerous interpolation techniques

can be used, ranging from very simple linear interpolation, to the more common Lagrange or
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Hermite interpolation techniques (Delahaye et al. 2014).

The applicability of direct trajectory optimisation methods is widespread in the literature. In
the context of military UAV routing, Geiger (2009) used NLP and neural networks to maximise
surveillance time while accounting for wind speeds. The objective function consists of 4 sections:
the first two penalise acceleration and bank angle, the third considers the distance to the target,
and the last evaluates the position of the target in relation to the UAV camera.

Another major application of trajectory planning is to minimise the energy expenditure
or to extend flight time, with a variation of techniques available in the literature. Langelaan
(2007) presented a trajectory planner that uses ridge soaring to maximise flight range and speed.
Zhou (2013) creates a dynamic model for trajectory optimisation of a fuel cell UAV. A model of
the fuel cell is developed to estimate fuel consumption during flight, being validated through
experimental data. Finally, a Genetic Algorithm (GA) is proposed to generate waypoint-based
3D paths, in which the GA alters the sequence of waypoints the UAV follows and the heading
angle constraint at each waypoint.

Gao et al. (2014) developed an integrated methodology to optimise design parameters and
flight trajectory of a high-altitude solar-powered UAV using the Gauss pseudo-spectral (GSM)
in conjunction with a Particle Swarm Optimisation algorithm (PSO). The GSM solves trajectory
optimisation, and the PSO determines the optimal design parameters. The trajectory is divided
into five stages: ascent using maximum available power, high altitude flight with recharge,
maximum power ascent and storage of solar energy through potential energy, gliding and low
altitude flight with discharging battery. The GSM can solve all separate stages simultaneously,
determining the flight status at the start and end of each stage.

Zhu et al. (2016) also used GSM for trajectory optimisation to extend flight time of a
small-scale UAV through the use of dynamic soaring. Using a wind profile model and controlling
flight parameters such as airspeed, heading, flight path and bank angles, a flight simulator was
developed. Despite accurately calculating the distance travelled by the UAV, the simulation
consistently overestimated the energy savings from soaring.

Trajectory optimisation is also applied by air traffic management bodies to analyse of conflict

patterns, which informs the development and provision of traffic management services. For
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example, the European Organisation for the Safety of Air Navigation (EUROCONTROL)
developed the Free Route Airspace service which allows users to plan a route by knowing the
entry and exit point.

In this context, Raghunathan et al. (2004) developed an algorithm for the detection and
avoidance of collisions of aircraft in free space. The algorithm designs an obstacle-free trajectory
that requires the minimum number of manoeuvres constrained by a three-dimensional vehicle
dynamics model. A similar methodology was proposed by Ruiz & Soler (2015) to analyse
conflict patterns in the European ATM by developing a model consisting of a microscale level in
which optimal trajectories are found for each flight, and a mesoscale level that analyses conflict
patterns in the airspace.

Further conflict and obstacle resolution has been explored by Arrieta-Camacho et al. (2007),
who developed real-time coordination system for multiple aircraft based on a nonlinear predictive
controller. After problem discretisation and formulation of the NLP problem, the Interior Point
Optimisation (IPOPT) algorithm is used to determine trajectories between waypoints, avoiding
static and dynamic obstacles in the process.

Finally, Pannequin et al. (2007) developed a collision avoidance trajectory planning for
multiple aircraft. However, the method centred on severe weather avoidance, which was achieved
by identifying and clustering these to create a boundary using elliptical functions to enclose
them. Two objective functions are explored: a quadratic cost that penalises distance between
the aircraft and their destination at the end of the time horizon, a Hamilton-Jacobi function
that represents the cost for the vehicle to arrive at their destination.

The main limitation of the OCP problem formulation lie on their unreliability to find
feasible solutions and their computational expense. The methods considered often require an
initial solution to ensure solution feasibility, but this may not always be possible. In response,

researchers use faster heuristics that provide sub-optimal yet feasible solutions.

3.2.2 Heuristic Algorithms

Trajectory planning heuristics can be divided into two sections: sampling-based and node-based

methods. In the latter, the airpsace is discretised into a node-based network, where the network-
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construction step becomes a fundamental factor in the development of optimal paths. The
network must consider the kinematic constraints of the aircraft.

Once the environment is discretised, a path-search algorithm is utilised to determine the
optimal path. Dijkstra's, A* and Dynamic A* constitute some widely used examples which
share common common limitations relating to its discretised nature and inability to consider
complex objective functions (Yang et al. 2015, Ousingsawat & Campbell 2004, Sathyaraj et al.
2008, Yang et al. 2009, Li et al. 2009).

Sampling-based algorithms explore the environment by designing a path randomly or pseudo-
randomly given specific constraints. This stream of literature is composed tree-based algorithms,
and Probabilistic Road Maps (PRM).

PRM essentially constructs a network of nodes and directed edges. Using a pre-defined
sampling method — outlined in Lavalle (2006) — the algorithm generates and groups nodes into
clusters based on a specified cluster radius. Once the full graph is finished, a node-based search
algorithm may be utilised to find the optimal path. The clustering method of the PRM seldom
generates straight paths, and thus are likely sub-optimal. Modern variations of the PRM are
produced to improve path optimality and performance.

In the context of UAS path planning, PRM has been utilised to cope with complex envi-
ronments. Hrabar (2008) proposed a combined D*-Lite and PRM-based 3D path planner for
rotor—craft considering stereo-based detect-and-avoid capabilities. Yan et al. (2013) developed a
3D PRM-A* algorithm in which the airspace is discretised to cuboids of different dimensions to
determine the area occupied by obstacles. A similar approach is conceived by Li et al. (2014)
which considers terrain and threat avoidance.

PRM algorithms are particularly useful in static environments, as they develop fully-connected
networks that can be used to generate multiple shortest paths. However, given the highly dynamic
environments in which UAVs will operate, tree-based algorithms are more suitable given their
speed and versatility.

Instead of creating a network, tree-based algorithms develop a single path between an
Origin-Destination pair. At each iteration, a new node is generated which is connected to the

closest neighbouring node. This way, the tree is progressively extended until the destination
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is reached. Their main limitation resides in their slow convergence rate given their stochastic
nature.

Rapidly-Exploring Random Trees (RRTs) are the most common type of tree-based algorithm
used in the path planning literature, and has been subject to numerous alterations and variations
to improve its performance. Urmson & Simmons (2003) presented a heuristic sampling bias
approach that alters the exploration algorithm based on predicted cost, improving runtime
under variable cost planes. Kothari et al. (2009) explored the use of RRT for path planning
of multiple UAVs in obstacle-rich 2D environments. Lin & Saripalli (2014) present RRT with
Dubins curves for static and dynamic obstacles in 3D space. Lin & Saripalli (2017) implemented
an RRT for collision avoidance, allowing the vehicle to edit intermediate waypoints in the event
of incoming conflicts.

Gammell et al. (2014) improved convergence by developing an Informed RRT* that defines
the search space as an ellipsoidal set, reducing its size as iterations increase. Pharpatara et al.
(2017) used the RRT* combined with a potential field that bias sampling to plan fixed-wing
UAV flight paths.

Among the most recent applications, Chakrabarty et al. (2019) developed a UAV path
planner for UTM-TCL4 (refer to Section 3.1.2). A Kinematic Tree Algorithm is proposed,
which differs from an RRT by generating new points based on the non-extended tree, instead of
selecting a random state.

Finally, the last methods used to solve the trajectory optimisation problem are evolutionary
algorithms. Genetic algorithms (GA) have been used by researchers in combination with other
solvers as they allow good initial guesses for the state and control variables. GAs have been
previously seen in Zhou (2013).

Yokoyama & Suzuki (2005) developed a GA to solve the Brachistochrone and space re-entry
problems after being converted to NLPs. The GA successfully identified the region around the
global solution and yield results that are close to the analytical solution. However, the problems
explored are deemed simple — only the space re-entry problem has some practical use.

Wuerl et al. (2003) used the GA with the Davidon-Fletcher-Powell penalty function and

calculus of variations method (DFP-COV) to optimise a low-thrust space flight from Mars to
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Earth. The GA learns using feedbacks from the DFP-COV, increasing the likelihood of the GA
to find the optimal solution.

Lastly, Shippey & Subbarao (2008) developed a hybrid GA with a collocation method to
determine the optimal trajectory optimisation of an aircraft during a turning manoeuvre. Again,
the GA serves as a means to determine initial conditions that lead to optimality.

Among the presented methodologies, tree-based algorithms provide a fast and flexible
framework which have been implemented in very recent applications (Chakrabarty et al. 2019).
In comparison, PRM cannot account for highly dynamic elements, and other meta-heuristics
have lower convergence rates. Node-based solutions provide simplistic frameworks that precludes

the exploration of complex objective functions relating to safety and security.

3.3 Concluding remarks

This chapter presented an overview of the UAV regulations in Europe and the United States,
which are developing bespoke UAV Traffic Management Systems, known as U-Space and UTM
respectively. The deployment of fully functional UTM airspace is yet a long-term prospect,
and any development of trajectory planning algorithms that considers current capabilities will
shortly be outdated.

Given that current UAV regulatory frameworks are operation-centric, similar to international
manned aviation rules, and that any integration of UAV into manned airspace will require
conformity with the relevant regulation, any trajectory planning model developed must conform
with PBN requirements. This allows processes to be generalised to other applications and
ensures long-term continuity.

Within the trajectory planning literature, the survey identified four streams of study:
mathematical-based solution approaches, sampling-based heuristics, node-based heuristics and
meta-heuristics. Mathematical-based solutions require significant simplifications to transform
the problem to MILPs, and NLPs are particularly unstable as they require the accurate
determination of initial conditions to obtain feasible solutions.

Node-based heuristics require the discretisation of airspace into node networks, the accuracy
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of which depends on the discretisation approach. In addition, these methods are unable to
consider complex objective functions.

Sampling-based heuristics have been particularly useful in the field of robotic path planning
problems. Within this stream of research, tree-based planning methods are particularly suitable
for UAV path planning in dynamic environments. In addition to being able to evaluate complex
objective functions, variations of the original RRT algorithm have improved convergence rate,
performance, and ability to re-use sections of the generated tree, which are particularly useful
when considering dynamic obstacles.

The review carried out in this section informs the development of drone operation algorithms
presented in Chapter 6. The frameworks presented are to be used in combination with the

humanitarian operations algorithms shown in Chapter 5.
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Chapter 4

Fight Dynamics and Optimisation
Methods

The frameworks to describe humanitarian and UAV operations analysed in Chapter 2 have
centred around mathematical optimisation. Most studies have structured their problems as a
Vehicle Routing Problem, which is a combinatorial and integer programming problem that is
NP-hard, meaning that finding an exact solution to large problem instances is infeasible. As a
result, such problems require alternative techniques to find close-to-optimal solutions.

This section presents the field of mathematical optimisation and analyses existing methods
determining their suitability for different problem instances. In addition, the dynamics of flight
for UAVs are defined, as must be considered during modelling. In summary, this chapter aims

to:
1. Derive and describe the flight dynamics of UAVs.
2. Review the field optimisation theory and classify optimisation algorithms.

3. Discuss the advantages and disadvantages of optimisation algorithms and develop a

criterion for the selection of algorithms to solve the problems presented in this thesis.

This chapter is structured as follows: Section 1.2 derives the flight dynamics of hybrid

UAV platforms. The following section evaluates optimisation theory, reviewing exact solution
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methods, heuristics and metaheuristics. The relationship between the methodological structure

is then analysed in Section 4.3, with the a solution method criterion developed in Section 4.4.

4.1 UAYV Flight Dynamics

UAV flight dynamics are dependent on the type of aircraft to be modelled. As per Table 3.1,
the most common UAV type used for logistics purposes are hybrid aircraft, that is fixed-wing
aircraft with VTOL capabilities. In deriving the dynamics, we define two frames of movement,
the inertial frame which describes the orientation of forces with reference to the ground (z being
the altitude), and the body frame, which is defined by the orientation of the vehicle (see Figure
4.2.

4.1.1 Vertical Take-off and Landing

In this section, we consider only the aircraft movement on the vertical (z) axis. The thrust
exerted by all motors are aligned in the same direction, so they can be aggregated into a single
upward force. In turn, the only resistant forces acting on the vehicle are its weight and its drag.
Thus, the force exerted by the rotors must exceed the vehicle’s weight, its inertia and drag

resistance in order to take-off as shown in Figure 4.1a.

ma=T—mg—D (4.1)

In a state of vertical equilibrium where vertical take-off speed is constant to equation yields
T = mg+ D where T denotes the thrust force, m represents the mass of the vehicle, a is the
vehicle’s acceleration rate, and g defines the acceleration due to gravity. The propulsive power

P required to generate a given thrust T is determined from the following:

P=UT/u (4.2)

where U determines the instantaneous speed of the vehicle, and p is the efficiency parameter.

The electric current required for P is determined by:
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[=P/V (4.3)

where V' represents the battery voltage. The above relationships can be used to determine
power consumption rates at any point in the flight. Over any discrete time-step dt, the resulting

change in the state of charge (SOC) of the vehicle is:

ASOC = —IAt/B (4.4)

where B is the capacity of the battery. Using these set of equations, we can estimate the

energy cost of take-off based on a predefined take-off altitude and speed.

4.1.2 Fixed-Wing Aircraft

Given the short vehicle flight UAVs can take, we adopt a three dimensional point-mass aircraft
model in a flat Earth-fixed reference frame shown in Figure 4.2 (Dai & Cochran 2009, Hosseini
& Mesbahi 2013). In this frame, the acceleration U of the vehicle is described as the force
imbalance of the vehicle, which exerts a forward thrust 7" and is subject to a resisting drag force

D and a gravitational component sin .

U= ({(T-D)/W —sinv)g (4.5)

The vehicle position coordinates are governed by the flight speed V', flight path angle v and

heading angle v:

& = U cos~ycos (4.6)

y = U cos~ysiny (4.7)

2 =Usinvy (4.8)

The bank angle is expressed based on the horizontal and vertical load factors n, = %’;"ﬁ

and ny, = L;—ng such that:
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¢ = arctan (@) (4.9)
This expression can be used to
gnn
= 4.10
U cos~y ( )
.9
= ﬁ(nv — cos7y) (4.11)

The aircraft dynamics are governed by the drag force D, which depends on the drag coefficient
Cp, lift coefficient Cp, parasitic drag coefficient C'py and aerodynamic coefficient K.
Lo
D = épU SCp (4.12)
Cp=Cpy+KC? (4.13)

The final set of equations describe the flight pattern of a fixed-wing UAV in 3D:

& = U cos(y)) cos(v) (4.14)

y = Usin(¢) cos(7) (4.15)
2= Usin(y) (4.16)

U = (T — D+ Lsin(y))/m (4.17)

D = gSCp(t) (4.18)
Cp=Cpo+ KC} (4.19)
Cp = L,(t)+ KC? (4.20)
L= C(:(i ) (4.21)
SOC = —% (4.22)
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U r
W
(a) Ascend, descend and cruise (b) Vertical take-off and landing

Figure 4.1: Point mass model of UAV during flight.

X

Figure 4.2: The coordinate system of the trajectory optimisation problem.

4.2 Optimisation Theory

Chapter 2 showed that humanitarian operations are generally structured as mathematical
optimisation problems to determine the strategy that maximises or minimises a specific objective.
In the context of humanitarian response, this objective is commonly related to the operation
response time. The reviewed literature include Vehicle Routing Problems, Facility Location-
allocation problems and other combinatorial mathematical formulations.

Given the size and complexity of these problems, researchers rely on mathematical program-

ming to find optimal solutions. However, in many instances exhaustive search is intractable, so
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alternative methods are carried out. These methods can be divided into exact solution methods,

heuristics and metaheuristics.

4.2.1 Exact Solution Methods

These algorithms explore the search space until an optimal solution is found generally though
a state space search, where different configurations of a problems are explored. Simplex and
Branch and Bound methods are amongst the two most popular exact algorithms and will be

the focus of this review.

Simplex Method

The simplex method is used to solve linear problem instances by converting the program
into its canonical form (Griva et al. 2009). Once this is achieved, the algorithm explores the
problem’s feasible region by evaluating the extreme points. Geometrically, each constraint forms
a boundary, such that a system of linear constraints creates a feasible region in the form of a
polytope. Each vertex in this region is a basic feasible solution, and the algorithm navigates
through the vertices until an optimal solution is found and, given that it is a linear program,
the problem is convex meaning that it will eventually find the optimal solution.

The problem this solution method poses is that, while efficient, large problem instances
become difficult to solve as the number of feasible solutions increases exponentially with
the addition of more variables and constraints. Furthermore, the algorithm works for linear
problems only, meaning that all non-linear conditions must be linearised for the Simplex method

to function.

Branch and Bound

In contrast with the Simplex method, the branch and bound is used to solve integer and mixed
integer problems (Brusco & Stahl 2006). This approach operates through the the feasible region
by splitting the space into smaller places (branching) and eliminating the areas of the search
space where it can prove will not contain the optimal solution (bounding). A typical branch

and bound approach will follow the next set of stages:
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1. Initialisation: Find an initial solution to the optimisation problem and set it as the best

solution thus far.
2. Populate the queue with all available nodes based on the starting solution.
3. Select a new node in the queue and delete it from the queue.

4. Determine the fitness of this node. If it is an improvement compared to the current best
solution, set it as the current best. Otherwise, branch on the node and generate a new set

of nodes to explore.

5. On the new nodes generated in the previous step, find the lower bound solution. If it is
larger than the current best discard as they will never lead to the optimal. Otherwise

store in the queue.

6. Steps 3-6 are repeated until all solutions are explored.

4.2.2 Heuristics

Heuristic algorithms are functions designed to solve a specific mathematical problem. In path
searching problem, the A* algorithm is a heuristic which essentially works as a modified Dijkstra’s
(Dijkstra 1959, Hart et al. 1968), where an approximation function is used to estimate a node’s
distance to the objective. The TSP problem also has a number of heuristic methods (2-opt,
3-opt or nearest neighbour) that aims to find a close-to-optimal solution in a short time, and
their performance is determined by a specified initial condition or parameter (Rosenkrantz et al.
2009). Due to their speed, these algorithms are normally paired with metaheuristic methods

(see the next Section) in order to accelerate local search.

4.2.3 Metaheuristics

Metaheuristics are solution algorithms that can be utilised to solve multiple problem instances
(Gendreau & Potvin 2010). They are purposely generic but can be modified to tackle specific
problem instances. This review classifies the metaheuristic based on the structure of the solutions:

single-solution, population-based, or swarm-based.
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Single-solution methods

Single solution methods seek the improvement of a single solution at a time in each iteration.
The algorithm holds the current best found solution, testing whether any modifications to it
yield a better performing solution. In the case this happens, the original solution is replaced
with the new best performing one. Depending on the parameters that control the process, these
metaheuristics can be used for local or global search. Simulated annealing and neighbourhood
search algorithms are two examples of single-solution methods.

Simulated annealing proposes a probabilistic process which determines whether the current
best solution is substituted with a less optimal candidate solution. This aims to avoid local
optima, and the probability of moving to a worse solution is commonly linked with the algorithm
runtime. Another metaheuristic in this field is Tabu-search, where a list tabu list is maintained
to prohibit the algorithm entering specific regions of the solution space to avoid being trapped
in suboptimal regions. Neighbourhood search defines an area of the search space that can be
obtained through the manipulation of a solution as a neighbourhood. Using this concept, the
algorithm combines a neighbourhood change mechanism and a local search algorithm to find
the final solution.

Several modifications to the neighbourhood search algorithms have been made to solve larger
problem instances. Amongst the most popular is the large neighbourhood search created by
(Shaw 1998) and increases the local improvement of the solutions using destroy and repair
algorithms, meaning that the neighbourhoods explored are larger and can escape local optima
more easily. As a result, it is an algorithm that has been used to solve multiple instances of the

Vehicle Routing Problem and Location-Routing Problems.

Population-based methods

Population-based metaheuristics contain multiple solutions at each iteration, and their modifica-
tion is generally affected by the rest of the population. These algorithms are used specifically
in global search as they are able to explore different areas of the search space simultaneously
through using the population. However, local search algorithms are generally able to find more

optimal solutions if the search space is smaller as the disruption to the solution is smaller than

79



CHAPTER 4. FIGHT DYNAMICS AND OPTIMISATION METHODS

with population-based methods.

Genetic Algorithms provide an improvement method based by exploring different areas of the
solution space and combining the accumulated knowledge of the population through crossover
and mutation operators. An elitism mechanism is set to discard suboptimal regions of the space
and focus on solutions that will likely lead to further improvements of the algorithm. Given it
structure of carrying out evaluation, selection, crossover and mutation to each specific solution
in the population, GA has the advantage over other algorithms of being easily parallelisable,
accelerating its computational time. The GA is a very versatile algorithm and has been used to
solve the vehicle routing problem, providing some of the best solutions to large instances of the
problem.

While these can also be considered population-based methods, swarm-based methods employ
self-organised agents instead of solely using population characteristics to drive the search.
Particle Swarm Optimisation, for example, uses a combination of ”personal” information or data
exclusive to the agent, ”social” information given by the population, and inertia or previous
data to determine the modification to the solution. Ant-Colony optimisation creates ”ant”
agents that explore the problem instance. While navigating the problem, each agent keep a
memory of the path followed until a solution is found. Once all agents have found a solution,
their performance is evaluated and the ”pheromone” values of the problem are updated. This
"pheromone” component effectively increases or decreases the chances of an agent to explore a
certain region of the solution, and is based on the accumulated knowledge of all agents. This

procedure is repeated until a termination criterion is satisfied.

4.3 Thesis structure

The aim of this thesis is to propose a quantitative framework for UAV-based humanitarian
operations. Chapter 5 reviewed the field of humanitarian logistics and identified the preparedness
and response stages as the key areas of study for the integration of UAV in humanitarian
operations due to their rapid deployment capabilities and limited payload, making them most

effective when used to transport low-volume high-value cargo.
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Chapter 5 proposes a network design formulation coupled with a trajectory optimisation
method to develop a framework for the use of UAVs to transport relief materials after a natural
disaster. The problem if formulated as a location-routing algorithm as the deployment of UAV
is highly dependent on the location of the depots and/or recharge stations due to their limited
flight range.

While the network design component serves to plan the UAV operations, the framework did
not consider the operational management of UAVs in the airspace. To overcome this limitation,
Chapter 5 proposes a trajectory management framework based on the generation of airspace
cluster to provide safe and real-time path planning capabilities. This approach is based on the
ICAO PBN framework reviewed in Chapter 3 and is applicable to any UAV operation as the
airspace clustering method is capable of isolating weather events, no-fly zones, and areas of
excessive traffic.

Finally, while Chapter 5 proposed a relief transportation framework with UAVs, given their
limited payload capacity humanitarian relief will be carried out using ground vehicles in the
future. The main issue with this is their susceptibility to road transportation infrastructure
damages, which not only lags the response operation but poses a significant safety concern to
humanitarians. Satellite imagery not only takes significant time to be taken and transferred to
the organisations, but it is expensive, has low quality and can be obscured by clouds. UAVs can
be used to obtain high-quality data of the transportation system to detect available paths and
inform vehicle routing decisions. Chapter 7 proposes an endogenous stochastic formulation to
model the operation of UAVs for road damage assessment and simultaneous relief distribution
using ground vehicles. The methods developed in this chapter can also be used in conjunction
with the trajectory framework in Chapter 6 to provide operational paths and ensure the safety
of the flights. The chapters together provide a holistic framework to operate UAV within the

response phase of humanitarian logistics.
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Figure 4.3: Methodological chapter relationship schematic.

4.4 Algorithm Selection Criterion

This section has reviewed different types of optimisation algorithms and discussed their ap-
plications. The exact solution solvers presented can determine the optimal solution to linear
and integer problems but may result in large computational requirements due to the problem
scale. Heuristics are reviewed and can solve problem instances in short computational time
but are problem-specific. Metaheuristics instead provide generic solution methods, although
their inherent structure and properties can make them more suitable to solve specific problem
instances. This section documents the selection of solution method for the problems in this
thesis.

The methodological chapters of this thesis will propose three different mathematical problems.
Their inherent complexity (non-linear constraints and endogenous stochasticity) will require the
use of metaheuristics to be solved. Chapter 2 introduces a Location-Routing algorithm, Chapter
6 proposes a clustering algorithm with a complex non-linear objective function, and Chapter 7

deals with a time-dependent endogenous stochastic Vehicle Routing Problem.

Location-Routing Algorithm

The location-routing algorithm, as described in Chapter 5, is the combination of two the Hub
Location Problem (HLP) and Vehicle Routing Problem (VRP). The VRP is an NP-complete
problem which requires the use of non-exact solution methods to solve any instance sizes of
realistic proportions. Adding the complexity of the HLP only exacerbates the need for these

algorithms. The HLP is commonly solved using a bi-stage process to reduce the problem size,
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as the hub location decisions influence the possible solutions of the subsequent VRP.

While population-based approaches have been used to solve the LRP, neighbourhood search
methods have solved several variants of the LRP (Satir Akpunar & Akpinar 2021). This may be
due to the bi-stage nature of the problem, where developing a population-based heuristic that
solves the full problem instances becomes computationally inefficient. In contrast, most bi-stage
approaches utilise some local search approach or heuristic combined with a neighbourhood
method or metaheuristic. The use of local-search and heuristic-based search allows for rapid
exploration of the search space and quick estimation of the neighbourhood, ensuring that the
algorithm focuses on the areas of the search space where there is a higher probability for the
final solution to be found.

For this reason, the approach proposed to solve the LRP in Chapter 5 involves a large
neighbourhood search algorithm coupled with a heuristic algorithm to solve the bi-stage location

routing problem.

Clustering

Clustering algorithms commonly utilise solely geographical metrics to evaluate their solutions.
In such cases, the use of heuristics such as the k-means provide close-to-optimal solutions within
a short computational time. However, the main limitation of most clustering heuristics relate
to their inability to evaluate complex objective functions. In the cases where clustering must
consider factors unrelated to the geographical position of data, these heuristics are insufficient.

To overcome this limitation, researchers introduce metaheuristics to improve the original
solution given by a heuristic. In this context, several studies have been conducted to study the
performance of metaheuristics for clustering, showing that the PSO outperforms most other
tested algorithms (Cura 2012).

The performance of the PSO algorithm is related to the structure of the algorithm, in which
each agent navigate the space directed by their current inertia, personal knowledge of the best
solution, and swarm knowledge of the best solution. This momentum-based navigation of the
search space maps seamlessly with the clustering problem, as the problem aims to locate the

centroids of different collections of data.
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Stochastic Vehicle Routing Problem

The vehicle routing problem has been extensively studied since its inception (Braekers et al.
2016). As discussed in Section 4.2, the GA has shown to be one of the best performing algorithms
to solve the VRP and its iterations (Berger & Barkaoui 2003, Guezouli & Abdelhamid 2017).
Furthermore, as the problem instance analysed in Chapter 7 is stochastic in nature, a Monte
Carlo approach will be used to generate a large sample of problem instances to be evaluated.
Thus, the easy parallelisation of the GA provides an additional advantage as it significantly

reduces computational time.

4.5 Concluding Remarks

This chapter presented an overview of UAV flight dynamics for both hybrid UAVs by considering
rotorcraft VTOL flight and fixed-wing cruise flight. The dynamics developed in this section are
utilised in the coming chapters where the operational frameworks for the deployment of UAVs
in humanitarian response is presented.

This chapter also reviews the optimisation theory literature, including exact algorithms and
metaheuristics. A categorisation of metaheuristics based on their solution structure is given,
and the advantages and disadvantages of each are presented. Furthermore, a selection criterion

is presented based on the problems studied in Chapters 5, 6 and 7.
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Chapter 5

Rapid Medical Deliveries Framework

using Unmanned Aerial Vehicles

This chapter has been adapted from the following publication: Escribano J, Angeloudis P.,
Ochieng W. (2020) Optimal Hub Selection for Rapid Medical Deliveries using Unmanned Aerial

Vehicles. Transportation Research Part C: Emerging Technologies 110, 56-80.

The lightweight nature, limited range and small payloads of current UAVs designs distinguish
them from other modes of cargo delivery, and thus require the development of bespoke supply
chain design models and novel operational frameworks. Chapter 2 revealed that a holistic
approach to UAV-based humanitarian mission design, considering recharge station location to
extend UAV mission range, is still to be developed.

To address this gap, this chapter develops a UAV-based humanitarian logistics mission
design framework that can determine energy-efficient trajectories for hub-supported operations
accounting for aerodynamic effects and payload variability. The resulting framework incorporates
tactical hub-location planning, trajectory optimisation, and operational routing for UAVs
considering payload capacity and split-delivery. Further aspects of energy storage and battery
management are considered with the objective of minimising battery stocks at distribution
depots while accounting for recharging and UAV waiting time.

The problem is defined as a dynamic MILP LRP and is solved using Large Neighbourhood

Search algorithm. The latter is coupled with a static sub-problem and a route assignment
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heuristic. Thus, the contributions of this chapter are as follows:

e It formalises the UAV-based humanitarian response planning process, which is evaluated

using a composite objective function of cost, response time, energy use, and distribution

equity as per the humanitarian principles of impartiality, neutrality, independence, and

humanity followed by the UN agencies (WFP 2002, Bagshaw 2012).

e It is the first study to simultaneously consider aspects of hub location, battery allocation/

recharge, split delivery and trajectory optimisation. Complex energy consumption patterns

are incorporated that relate to payload variations, multiple flight stages and variable land

topography. Such features were not previously considered in research literature, with

associated models therefore resulting to overly conservative or optimistic flight plans.

e [t presents a computationally efficient solution heuristic that can accommodate large UAV

fleets. This is demonstrated with the included case study that focuses on a hypothetical

UAV-based response to the 1999 Chi-Chi earthquake in Taiwan. Our analysis demonstrates

that such a response mechanism could meaningfully support humanitarian response

operations.

We introduce the modelling framework in Section 5.1. Section 5.2 describes the trajectory

optimisation formulation, followed by the hub location-routing model in Section 5.3. A numerical

case study focusing on a hypothetical UAV-based response to the 1999 Chi-Chi earthquake in

Taiwan is presented in Section 5.4, with our results compared to those from previous studies.

Conclusions and recommendations for future work are provided in Section 5.5.

5.1 Framework

The framework presented in this section aims to optimise humanitarian relief operations using

UAVs following a natural disaster. Given a set of relief distribution centres, the algorithm

determines vehicle trajectories, the number and location of charging stations, as well as vehicle

itineraries that satisfy relief demand, while minimising mission completion time, cost and energy

expenditure.

86



CHAPTER 5. RAPID MEDICAL DELIVERIES FRAMEWORK USING UNMANNED
AERIAL VEHICLES

While time and cost reductions comprise conventional humanitarian objectives, energy
expenditure is incorporated as a unique factor given the scarce availability of energy and limited
access to UAV charging infrastructure. Additionally, a reduction of energy expenditure results
in shortened charging times requirements. Alternative formulations are provided that consider
distribution equity, a common concern in humanitarian relief literature (Holguin-Veras et al.
2013). We structure the framework into two independent decision stages that underpin mission
design (Fig. 5.1): a flight and a humanitarian operations model.

The flight operations model (Section 5.2) focuses on the selection of aircraft trajectories,
aerodynamic effects, varying payloads and energy requirements. We develop a direct trajec-
tory optimisation model that estimates UAV endurance for a range of payloads, determines
obstruction-free flight paths and considers the variable energy demands associated with changes
in flight altitude. The algorithm minimises battery consumption using aerodynamic param-
eters, battery properties, and terrain topography as inputs. Unique to our approach is the
consideration of multiple flight stages, exclusive to hybrid UAV deployments.

The humanitarian operations stage (Section 5.3) designs the relief cargo supply chain and
selects optimal warehouse depots using aspects of hub selection and Green VRP, considering
split delivery, battery replacement and battery allocation. Inputs to the model include the
trajectories developed in the UAV operations stage, as well as the location and demand levels of
nodes. Depot locations and delivery strategies are selected to minimise supply times and the
overall duration of the humanitarian mission. The main contributions of our approach include
the consideration of battery allocation and recharge, and simultaneous relocation of recharge
stations. Additional performance indicators are used to evaluate the number of batteries used,

number of recharges, average flight time, total energy expenditure, and inter-arrival times.

5.2 Trajectory Optimisation Model

The model presented in this section focuses on key decisions at the tactical stage of humanitarian
UAV deployment. At its core lies a point-mass and force balance model, expressed as an optimal

control problem (OCP), which aims to minimise battery consumption under geographical
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Figure 5.1: Framework flowchart indicating the relationship between the two decision stages
(yellow blocks) in this study. Operational aspects specifically addressed in this study are
highlighted in green, with inputs highlighted in blue, and external factors that influence our
outputs in orange.

constraints of the terrain, considering both stages of hybrid UAV flight.

We use this model to determine energy usage, expressed as an alteration in the state of charge
SOC of a battery with capacity B, and voltage V', for a UAV of mass m and with parasitic and
polar drag coefficients of Cyy and K, respectively. The UAV engines have a collective efficiency
parameter p, and produce a thrust force T', to vary the instantaneous vehicle speed U, given a
heading angle ¥, and the pitch angle v. We adopt the following assumptions and modelling
simplifications:

Assumption 5.1: VT OL-capable hybrid UAVs are used for relief distribution, as
per recent industry trends (Table 1.2). Such vehicles do not require runways for take-off and
landing, therefore reducing reliance to supporting infrastructure. Furthermore, they can deliver
cargo with a precision level that is not easily achievable with other designs (or air drops).

Assumption 5.2: The UAVs are powered by electric batteries. This assumption is
based on our review of recent UAV logistics initiatives (Table 1.2) and limits vehicle weight
fluctuations to only payload variations. Furthermore, battery-powered systems amount to 96%
of the UAV market (Drone Industry Insights 2017). Nevertheless, we intend this formulation to

be as generic as possible and capable of incorporating future UAV operational aspects (such as
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fuel cells or fossil fuels and further aerodynamic and kinematic constraints).

Assumption 5.3: VTOL operations are carried out at pre-defined acceleration
rates and low velocities. Following from Stoney (1993), we assume that the desired accelera-
tion during VTOL is equal to 1.2mg (where m is vehicle mass and g the gravity coefficient),
with deceleration fixed at 0.8mg. Given the low velocities during VTOL, we consider the effects
of air resistance to be insignificant during this stage and, therefore, are not accounted for in
this paper. These assumptions have negligible impact on mission duration and overall energy
consumption given the long distances to be covered by UAVs.

Assumption 5.4: Cruising is carried out between 50 and 70 metres above ground
level, which provides sufficient clearance from most obstacles and ensures compliance with the
majority of national drone regulations on maximum flight altitudes (100-150 metres) for low
weight UAVs (Stocker et al. 2017). Furthermore, a low flight altitude minimises the chances of
interaction and interference with other aircraft, including military flights used for search and
rescue that take place at 76 metres above ground (UK Government 2014).

Assumption 5.5: UAVs considered have an aggregate efficiency constant p = 0.5.
Propeller efficiency varies continuously during flight and is dependent upon aircraft velocity
and the propeller diameter, rotation speed (RPM) and design (Brandt & Selig 2011). Motor
efficiency can reach 80% and depends on torque, rotation speed and electric current (Gottlieb
1997). Finally, battery performance will depend upon a broad range of factors, including cell
chemistry, temperature, discharge rates and cycle numbers (Linden 1984). As the definition of
accurate mathematical models for the above is beyond the scope of this chapter, we adopt an
aggregate efficiency parameter of u = 0.5 that follows from previous work by D’Andrea (2014)
and that we consider appropriate for UAVs deployed in humanitarian operations.

Assumption 5.6: The parasitic and polar drag coefficients are C,;, = 0.015 and
K = 0.03 respectively. These values are influenced by vehicle and wing shape, air viscosity
and compressibility effects (the latter negligible below sonic speed). Their numerical evaluation
can be challenging (Hall 2016), so we adopt the values determined by Ostler et al. (2009) for
similar UAVs.

Assumption 5.7: UAVs can operate Beyond Visual Line of Sight (BVLOS). At
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the time of writing, EASA rules do not allow UAVs to operate BVOS without prior approval
(EASA 2017a). The FAA authorises BVOS operations through an application process that
requires 90 days to respond, which is excessive for humanitarian applications (FAA 2018).
However, there is a record of such deployments in Rwanda (Simmons 2016), with WEFP-led
efforts to develop regulations for UAV humanitarian response still in progress at the time of
writing (Vornic 2017).

Assumption 5.8: The difference between true and indicated airspeeds is negligi-
ble. We considered true airspeed (actual movement of the aircraft relative to the air mass) to
be equal to indicated airspeed (measured speed of the vehicle). The impact of this assumption
is minimal, as vehicles will travel at low speeds (below sonic speed) and air density variations
with sea level can be ignored (Gracey 1980). This assumption excludes the impact of weather
effects and wind speeds, which cause a reduction in UAV performance (Brandt & Selig 2011).
However, we assume that UAVs will be deployed under favourable climate conditions, so the

potential effects of wind are minimal.

5.2.1 Model Formulation

We develop a trajectory OCP model from first principles. The derivation of underlying aerody-
namic, kinematic and battery consumption relationships is provided in Chapter 4. Our model
uses a set of state and control variables that alter the system state. Only minimal changes to
heading angles (V) are performed given our objective to minimise battery consumption. The

following notation conventions are used for the formulation of the OCP model.

Indices Sets

t = Time step T = Time step set

v = Vehicle (UAVs) VY = Vehicle set

State Variables Control Variables

U = Airspeed [metres/second] T = Thrust force [Newtons]
SOC = State of charge [-] U = Heading angle [radians]
z,y,z = Cartesian coordinates [km)] v = Pitch angle [rads]

CL = Lift coefficient [-]

Cp = Drag coefficient [-]

s = Path travelled [km]

Force Parameters Battery Parameters
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= Drag force [metres/second] = Power [Watts]
= Lift [N] = Current [Amps]
= Weight [N] = Voltage [Volts]

Battery capacity [Amps-Hour]
t = Time step [s]
= Aggregate efficiency [-]

Drone Mass (with payload) [kg]
Acceleration due to gravity [m/s?]
= Acceleration [m/s?]

D
L
w
m
Y
a

TPbm="Y
|

Aerodynamic Parameters

K = Drag polar [-]

p = Air density [kg/m?]

S = Wing area [m?]

q = Dynamic pressure: 1pU? [kg/ms?]
Cpo = Parasitic drag coefficient |-]

The objective of the model is aims to maximise the state of charge by the end of the flight,

with SOC values of 1 and 0 representing a fully charged and depleted battery, respectively.

Objective:
Minimise 1—SOC,(ty) Vv eV (5.1)

Subject to:
ds,/dt = U,(t) cos(7,(t)) YveV (5.2)
dz,/dt = U,sin(v,(t)) Yv eV (5.3)
dU, /dt = (T,(t) — Dy(t) + Ly(t) sin(y,(t)))/m, Yv eV (5.4)
D,(t) =qSCp,(t) Yv eV (5.5)
CDv =Cpo + KC%U Yv ey (56)
Cr,=L,(t)+ KC;, YveV (5.7)
L, =myg/cos(y,(t)) Yv eV (5.8)
dSOC,/dt = =T,(t)U,(t)/uBV Yv eV (5.9)
| < g 0< T, < Tpaw, Uy =Us, SOC, <1 Vo€V (5.10)
f(may) + Zmin S Zy S f(llf,y) + Zmaz

The following boundary conditions are assumed:
Initial: s,(to) = So,, 2v(to) = 20,, SOC,(to) =1, Y(to) =, YweEV (5.11)
Final: s,(ty) = sy, z(ty) =25, SOC,(tf) free, v,(t;) free YveV (5.12)

Equations (5.2-5.3) represent the movement of the UAV along the path s at altitude z,
governed by the pitch angle v. Equation (5.4) is derived from the balance of horizontal forces

acting upon the UAV:
ma =T — D+ Lsin(y) =T — ¢SCp + mg tan(y) (5.13)
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Equation (5.5) determines the drag force exerted on the UAV as a function of the drag
coefficient Cp, which is described in constraint (5.6) as a function of the drag polar K, parasite
drag coefficient C'py and lift coefficient Cp. Cp, is proportional to the UAV mass m as indicated
by equations (5.7) and (5.8), where the vertical component of the lift force L can be assumed to
equate to the weight force W. Finally, constraint (5.9) describes battery consumption, with an
extended derivation provided in Appendix C.

The equations in (5.10) define the rest of variable constraints. We limit the pitch angle
~v to 90 degrees and assume that at any time the thrust 7T is positive and lower than the
maximum level of thrust provided by the motors. The target speed U,, is predetermined and
fixed throughout the cruise stage, but allowed to vary during ascend and descend given a stall
speed Uy such that Uy, < U, < U,.. We also consider a variable terrain geography, described by
a function f(x,y) and assuming a fixed ground clearance z,,;,. Additional boundary conditions
enforce pitch angle v values on the initial and final points of the trajectory. UAVs are assumed
to loiter and decelerate once they reach their destinations.

The finite difference method (Grossmann & Roos 2007) is used to discretise the problem

into elements, therefore transforming the OCP into the following NLP:

Objective:

Minimise 1—SOCy;, YveV (5.14)
Subject to:

Spit1 = Spt + AtUyrcos(vpr)) Yo eV, Ve T (5.15)
Zotr1 = Zop + AtU,sin(y,,) Yo eV, VteT (5.16)
Upir1 = Upi + (Toy — Doy + Lygsin(y))/my Vv €V, VEET (5.17)
D,;=qSCp,, YveV VteT (5.18)
Cp,, =Cpo+KC; , VeV, VteT (5.19)
Cr,, = Lot + KC%M YoeV, YteT (5.20)
Lys = myg/cos(us) YveEV, VLT (5.21)
SOCy 141 = SOC, — AtT, Uy /uBV Nv eV, VteT ( )
il < 50 0 < Ty < Ty Uy = U, SOC, <1 Vo€V, WEET (5.23)
f(@,y) + 2min < 20t < f(2,Y) + 2maz

Constraints (5.15-5.23) follow from (5.2-5.10), with the number of discrete steps t in T being
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Figure 5.2: Example trajectory between the Hsin Yi and Ren Ai regions of the Nanto County
in Taiwan.

Table 5.2: Flight stages during trajectory optimisation.

Flight Stage Controls State Variables Thrust Use Condition
Take-Off T Uu,g,V,B T=(m+p)a—yg) a > mg
Climb T, ~ $,2,Cpo, U, 1,9, V,B,q,8 T =D+ (m+p)U — Lsiny ~>0
Cruise T, ~ $,2,Cpo, U, 1,9, V,B,q,8 T =D+ (m+p)U — Lsiny =0
Descend T, v $,2,Cpo, U, 1,9, V,B,q,S TzD—i—(m—i—p)U—LSiD*y ¥ <0
Landing T Uup,g,V,B T=(m+p)a—yg) a < mg

a compromise between computational time and trajectory detail. We implemented this model
using the Pyomo.dae toolkit and the IPOPT optimisation engine (Hart et al. 2011, 2012). An
illustrative trajectory output from our implementation is presented in Fig. 5.2.

Using the above NLP model, we can determine optimal UAV routes with respect to battery
consumption, costs and flight durations while acknowledging terrain morphology and payload
variations. These are provided as inputs to the humanitarian operations stage of the model,

described in the following section.

5.3 Depot location and routing for UAV operations

The humanitarian operations stage focuses on the determination of optimal warehouse locations
and UAV itineraries, modelled using a hub selection-routing problem specific for UAV operations.
Our proposed model combines aspects of discrete un-capacitated hub location selection and

time-dependent Green VRP design with multiple hubs, split deliveries, and battery replacements
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during depot visits. Our initial objective is to minimise the number of hubs and required
mission time for the distribution of a predefined amount of relief cargo. We adopt the following
assumptions and modelling conventions:

Assumption 5.9: A unitised commodity type is provided throughout the opera-
tion. Relief operations rely on standardised supply kits that are developed for specific incident
type (earthquake, flooding, displacement), demography (diet, religion) and climate combinations.
This practice is used to simplify the logistics of disaster response, as only a single commodity
needs to be stocked, transported and distributed (WFP 2017a).

Assumption 5.10: Battery replacement times are considered negligible. We con-
sider battery replacement times to be negligible compared to overall mission durations. This
follows from previous work on the design of autonomous systems with instantaneous replacements
(Michini et al. 2011, Suzuki et al. 2012, Fujii et al. 2013) and the availability of UAV models with
easily accessible battery compartments, such as eBee (Sensefly 2014) and DeltaQuad (Vertical
Technologies 2017).

Assumption 5.11: Hubs are un-capacitated. This assumption was made given the
small payloads of UAVs in comparison to the scale of humanitarian response operations, typically
involving several tonnes of relief cargo (Sheu 2007, Chang et al. 2014). Therefore, it is safe to
assume that the hubs to be used provide sufficient storage capacity to undertake the full UAV

response. The following notation is used:

5.3.1 Mathematical Model

Indices Sets
i,7 = nodes N = node set
t = mission time steps D = demand node set D C N/
v = vehicles (UAVs) H = hubset HC N
b = battery 7 = mission time set
V= vehicle set
B = battery set
Parameters Variables
F; = Hub setup costs (fixed) [$] ri/vt = Boolean: v travels from i to j at
time ¢
Pen = Delivery penalty per demand unit ¢¥* = Integer: cargo units carried from i
[$/ke] to j by vehicle v at time ¢
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(Q = Vehicle payload capacity [kg] w" = Boolean: b carried from 7 to j at
time ¢
C;; = Travel time costs from i to j [$/hr] h; = Boolean: node i hub status
A; = Aid demand at node i [kg] u; = Integer: unfulfilled demand at
node ¢
S; = Aid supply at node i [kg] e = Fraction: battery charge at time ¢
for b
E;; = Percentage battery consumption a, = DBoolean: battery b availability sta-
for travel between i and j [-] tus
E, = Percentage battery recharge rate
per unit time [—]
G = Cost of battery [$]
At;; = Travel time from i to j [$]

Given the multi-objective nature of this problem, we initially adopt a cost-based objective

function 5.24 that minimises the total cost Z of relief distribution (5.25-5.28).

Z =HC+ RC+ BC+ PC (5.24)

HC =Y hF (5.25)
i€H

RC = 11{1635(( Z rijvtC’ij) (526)

teT i,jeN

BC =) aG (5.27)
beB

PC = Z |u;| Pen (5.28)
ieN

Equation (5.25) considers the costs of setting up a depot in node i. We use a per-depot
cost F across all nodes, which incorporates material and construction costs. Equation (5.26)
captures the total mission duration, which is defined as the period from UAV deployment to
mission completion (all cargo is delivered, and UAVs return to base). Given that all UAVs are
deployed simultaneously, mission duration is calculated as the maximum flight and wait time
among the UAV fleet. The trajectory model in Section 5.2 is used to calculate the flight costs
C;; between every node pair 1, j.

Equation (5.27) considers the cost G of using battery b. An increased number of batteries
ensures that the response time is minimised, as it allows the immediate replacement of batteries
when a UAV returns to the hub. Finally, we introduce the Pen parameter, which acts as a
numerical penalty (equation 5.28) attributed to a missed, or excess delivery of planned relief

cargo units, which forces the model to prioritise mission completion. Therefore, this penalty
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value can be seen to reflect the material waste and potential loss of life that can occur as a

result of excess and missed deliveries, respectively. The formulation of the model is as follows:

Minimise Z
Subject to:

Z Tjiv(t—Atiyy) — Z rijwe =0 YieN, YveV, VteT

jEN:t_AtjiET jGN:t—AtjiET
rit=0 VieD, YvelV, VteT

Z Tjivt — Z Tijut = 0 Vi c N

teT veV,jeN teT veV,jeN

Z Tijvt =1 YoeV

t—Atij €T i,5EN

Z Tijutg = 1 YveVy

i€H,jEN
Z rijvtle VUGV
ieN,jeH
Z Cjivt — Z Cijut +u; = (1 - hl)A, - hlgl Vi € N
teT weV,jeN teTweV,jeN
rijwt@ > Cijur Vi, j €N, Yo eV, VteT

Z Ciivt — Z Cijv(t-l-Atijt) > 0 Vie D, Yv € V, vVt € T
jEN:t+Ati]‘t€T jeN:t+At¢jt€T
Zabwijbt:rijvt \V/Z,je./\/’l%‘], tET
beB

Z Wiibt — Z Wijh(t+At;z,) = 0 Vie N, Ybe B, VteT
JEN t+AL ;€T JEN t+AL €T

wiibt:() ViGD, VbEB, VtET
Z Wijvty = 1 Vbe B

i€H,jeEN
Z wijvtle Vb e B

ieN jeEH

€bty) = b Vb e B

eyt = ew+ay Y Bowgy —ay Y Eyjowij Ve B, VT

€M 1,JEN
> hi>1
ieEN
0<ey<1 VbeB, VteT
rijor € {0,1}, iy €ZT Vi, jEN, veEV, VLT
h; € {0,1}, u; € [-S;, A;] VieN
wipe € {0,1} Vbe B Vte T
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ap €4{0,1} VbeRB (5.51)

Constraint (5.30) ensures that vehicles entering a node leave the next time step after
arrival (estimated using At;;). Vehicles can wait at a hub if necessary, a condition defined
as ryy = 1 Vi € H, but cannot do so at a demand node as expressed in (5.31). Equation
(5.32) enforces the conservation of vehicle flows over the mission, with the number of vehicles
entering and exiting every node being equal. Constraint (5.33) ensures that vehicle flows remain
unassigned until a trip between 7 and j is completed. Equations (5.34-5.35) indicate that vehicles
must start and end the mission at a hub.

Constraint (5.36) enforces a mass balance of cargos at each node and ensures that cargo is
transferred from a hub (cargo from node i is negative, —c¢;j,¢) to a demand node (cargo arriving
at i is positive ¢j;,y). Any excess or non-delivery is captured by variable u;. Constraint (5.37)
limits cargo assignment to vehicle flows (r;;,+ = 1) with each carrying a maximum capacity
Q. (5.38) prevents cargo collection from demand nodes. This constraint, in conjunction with
equation (5.37), limits vehicles to start and end tours at hubs, firstly to carry material to the
desired demand node, and secondly to collect the payload for the next tour.

Equations (5.39-5.45) explore the behaviour and management of batteries. Constraint (5.39)
limits battery assignment to a vehicle route. Constraints (5.40-5.41, 5.42-5.43) are analogous
to (5.30-5.31, 5.34-5.35) and ensure that batteries start and end the mission at a hub and are
assigned a new destination after arrival at a node. As with vehicular flows, batteries can remain
at a hub (wjip)—1vier ). Equation (5.42) initiates battery charge to 1 (fully charged) if the battery
is activated (a, = 1), and 0 (empty) otherwise. The following constraint (5.45) captures battery
charge and discharge respectively, where E; ; is derived from the trajectory model presented
in Section 5.2. The battery charges only if it is not used at a time step and remains at a hub,
otherwise it discharges.

Equation (5.46) ensures that at least one hub is selected. Constraint Constraint (5.47)
bounds battery charge between 1 (full) and 0 (empty). Equations (5.48-5.49) limit the decision
variables c¢;j,¢, u; and slack variables s;, t; to integer values, while r;;,; and h; are limited to
Boolean values. Finally, (5.50-5.51) define w;j,; and a;, as Boolean values.

The main limitation of the above formulation is the considerable number of decision variables
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needed, resulting in long computational time requirements for any instance of practical size. The
model was implemented using the Pyomo toolkit and solved using a Branch and Bound algorithm
provided by the CPLEX solver, on a workstation with an Intel Xeon E5-1650 CPU and 32GB
RAM. Only a few instances that did not account for battery management (equations 5.39-5.45)
were solvable using this implementation. Therefore, the above formulation is impractical for

humanitarian operations planning, where time and resources are limited.

5.3.2 Sub-problem

To overcome the computational limitations of the above model, we develop an approximate
multi-stage heuristic. In the first instance, a static, integer-based hub-flow assignment model is

incorporated, which is a relaxation of the VRP-specific aspects of the original formulation:

Minimise Z = HC + RC + PC (5.52)
HC =Y WF (5.53)
ieN
ijeN
PC =" |u;|Pen (5.55)
ieN
Subject to:

Z T — Z ri; =0 Vie N (5.56)

JEN JEN

JEN JEN
r;Q > ¢y Vi,jeN (5.58)

d hi>1 (5.59)
ieN

Tij € Z+, Cijut € VAl \V/l,j eN (560)
h; € {O, 1}, u; € [—SZ,AZ] Vie N (561)

The revised objective function continues to use costs to describe the various operational
aspects of the problem. Equation (5.53) determines the total upfront costs for the establishment
of a hub at a node 4, following from (5.25). Equation (5.54) captures aggregate travel times

across the entire fleet. Given that individual UAV trips are no longer trackable, total response
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Table 5.4: Model performance for CPLEX. Solutions were not obtained for missions with
durations within 24-hour execution window

Instance Demand Drones Payload Mission Duration Cargo Hub Runtime

(ke) (ke) (mins) (ke) (5
50 180 1 0.23
2 100 360 1 0.40
150 503 1 2.75
529 15 50 270 1 0.57
3 100 - - -
150 525 1 1.75
50 300 1 0.23
2 100 360 1 0.51
150 838 1 1.04
4 nodes 900 25 50 150 i 0.67
3 100 - - -
150 900 1 0.71
50 420 1 0.25
2 100 - - -
150 900 1 0.71
1200 35 50 630 1 0.59
3 100 - - -
150 1200 1 0.98
2 50, 100, 150 - - -
800 15 3 50, 100, 150 - - -
2 50, 100, 150 - - -
7 nodes 1100 25 3 50, 100, 150 - - -
9 50, 100 - - -
1200 35 150 1200 1 2.20
3 50, 100, 150 - - -
50 300 2 1.39
2 100 600 2 2.70
1450 15 150 862 2 18.23
3 50 450 2 1.32
100, 150 - - -
10 nodes 50 500 2 1.39
2 100 950 2 2.65
1450 25 150 1314 2 5.42
3 50 450 1 1.32
100, 150 - - -
2 50, 100, 150 - - -
1650 35 3 50, 100, 150 - - -
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time is not calculated. Equation (5.55) tracks any penalties associated with undelivered and
excess cargo, following from (5.28). Battery management is not considered in this formulation.

The removal of time and vehicle dimensions allows us to perform several simplifications to
the constraints of the model, with battery management and energy monitoring being considered
in a separate sub-problem. Constraints (5.56) and (5.57) ensure vehicle and cargo balance
respectively. The remaining constraints are carried over from the previous formulation: (5.58)
limits the transport of cargo to a maximum allowed payload, and (5.59) enforces the creation of
a hub. Finally, the decision variable bounds in (5.60-5.61) are analogous to equations (5.48-5.49).
However, in this problem instance 7;; is an integer that indicates the number of vehicles travelling
from i to j.

The resulting aggregate flow outputs r;; and ¢;; represent a lower-bound solution to the
original problem and act as proxies for fleet size and cargo volumes to be transported across the
network. The results are used as inputs to a route assignment sub-problem presented in the
following section.

The main advantage of the proposed algorithm is that computational time no longer depends
on the number of vehicles, but only on the number of nodes and demand satisfaction requirements.
Furthermore, the simplified model described in equation set (5.52-5.61) is solved using exact
methods. This allows us to apply the algorithm to large UAV fleet sizes envisioned that otherwise

would limit applicability to small problem instances.

5.3.3 Route Assignment

The approximate algorithm presented in this section builds upon earlier work by Ozdamar
(2011) and Dorling et al. (2017) and transforms downscaled aggregate flows into individual
UAV itineraries. The algorithm comprises five distinct decision stages, route continuity, cargo
assignment, energy monitoring, vehicle assignment, and battery distribution, as structured in
Fig. 5.3.

Our main contribution with respect to the previous algorithms is the inclusion of energy
monitoring and battery assignment steps that monitor energy consumption of each vehicle

considering variable payload weight and allocate battery resources given existing recharge station
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Figure 5.3: Route assignment flowchart.

location. Given the inclusion of these aspects, we consider our approach to be considerably
more practice-ready compared to previous studies. We describe the approach adopted at each
stage below and provide the detailed algorithms in Appendix C.

Route creation and continuity: This stage generates vehicle tours that comply with constraints
(5.30-5.35). Given that the initial aggregate flows satisfy constraint (5.56), they comply with
vehicle balance in accordance to (5.60). Once the total number of routes operating from
each hub is determined, the algorithm identifies origin-destination (O-D) pairs with unequal
bi-directional flows. From these, excess flows are extracted to derive the “imbalanced” and
“balanced” flow matrices. For each matrix, the algorithm iterates through outgoing vehicle flows
in hubs until it encounters a node with no onward flows, prioritising nodes that connect to a
hub (r;; > 0 Vj € H). The “balanced” matrix is then used to direct UAVs towards the tour
origin, while the “imbalanced” matrix directs vehicles randomly to a hub, given the remaining
flows r; ;.

Cargo assignment: In this stage cargo flows are assigned to vehicle tours, considering
indicative flow optimality ¢;;, vehicle capacity (), and total unmet demand of any nodes visited,
ensuring compliance with constraints (5.36-5.38). Once all routes are assigned cargo, the
algorithm checks whether any material flow ¢;; remains unassigned and calculates whether
demands for relief aid have been satisfied. If this is not the case, the algorithm activates a

reassignment process that identifies positive or negative deviations from a set of demand targets
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and adjusts cargo flow assignments.

Energy monitoring: Once route continuity and cargo assignments are addressed, the energy
monitoring stage which ensures compliance with battery capacity constraints (5.39-5.45). Battery
consumption is calculated at every tour node, diminishing for subsequent stops due to payload
variations. Should energy consumption rates in a tour exceed battery capacities, a battery
replacement tour is introduced ahead of the tour leg that violates capacity. In the first instance,
the algorithm opts for the nearest hub to the last feasible node. If this is too far to ensure
compliance, the original route is used with the stop at an earlier step. This step is repeated for
any future tour legs that violate battery capacities.

Vehicle assignment: This stage evaluates tour durations, which are then assigned to vehicles
while minimising overall mission duration. Initial UAV allocations are proportional to tour
durations from each hub. Trip assignments are then determined with the objective of minimising
flight and relocation times (where UAVs travel between two hubs to collect cargo). As part of
this process, total flight times for each tour are estimated, and the shortest routes are assigned
while accounting for any required relocation times. This procedure is repeated until all tours
have been assigned.

Battery assignment: Following tour allocations, batteries are distributed across the network
using a heuristic that iterates across every time step of the time horizon, while keeping track
of vehicle locations. Batteries are assigned to departing vehicles, their original hubs, and any
intermediate battery swap points along their routes. Batteries assigned to UAVs are assumed to
be fully charged, with the remaining being charged at a rate of 1C. A coefficient is defined for
each battery that estimates any incurred delay created when the battery is not used, due to
the need for UAVs to wait until other batteries are charged. The algorithm then proceeds to
discard the battery with the smallest coefficient and estimates the overall mission durations and
final battery costs as defined by equations (5.26) and (5.27). The process continues until total

mission costs begin to increase (due to route infeasibility and incurred non-delivery penalties).
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Figure 5.4: Model Workflow

5.3.4 Metaheuristic solution algorithm

The algorithms outlined in sections 5.3.1 and 5.3.2 were implemented using the C# language
and embedded within a custom Large Neighbourhood Search (LNS) metaheuristic that was
developed as part of this study. The latter navigates through a constrained search space using
probabilistic search (Pisinger & Ropke 2010) and, unlike Genetic Algorithms, is capable of
simultaneously exploring multiple neighbourhoods that reside in different branches of the search
space. This ability to avoid local optima is particularly useful for greedy stochastic algorithms
(such as those presented in section 5.3.3). The overall workflow of the algorithm is presented in
Fig. 5.3.4 and Algorithm listing 1.

The search commences with a randomly generated solution-neighbourhood N;. A roulette
selection stage then determines which solution to manipulate for every subsequent iteration,
ensuring that all solutions can be explored. Selected solutions are manipulated using custom
destroy and repair algorithms (chosen with probability rates « and f, respectively).

The overall progress of the search is monitored using a “temperature” metric 1. This
represents the search space that can be explored from the best-known solution and decreases
with every iteration of the LNS. The search process and its behaviour is controlled by two
parameters, “cooling rate” ¢ (between 0 and 1) that defines the temperature 7' change rate at

each step, and “absolute temperature” a that defines the minimum allowed temperature and
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terminates the search process once this is reached.

In every iteration, a parent solution s; is evaluated against a newly generated candidate
solution s, using a scalar fitness value, f;, and fs,, for each solution. If f;, is higher than f;,,
sy replaces s; in neighbourhood N. Otherwise, either a) s; is replaced with sg, or b) sg is
discarded, and a new solution is generated. Replacing the solution with an inferior one may
appear counter-intuitive but it ensures that the algorithm is not limited by a local optimum.
The probability P of a worse solution s, replacing an original solution s; is defined using the

difference in fitness of both solutions F and the expression:
P =exp(—F/T) (5.62)

The search produces a set of optimal hub locations, evaluated using the trajectory optimisa-
tion and routing assignment objectives in Sections 5.3.1 and 5.3.2, respectively. The “Destroy”
function (Algorithm 2) eliminates hub assignments using one of three processes: random hub
elimination (using a predefined random distribution), cost-based elimination (of hubs with the
highest setup costs) and utilisation-based elimination (of hubs that deliver the least cargo).
A similar approach is used in the “Repair” function (Algorithm 3) albeit to the inverse effect
(random, cost-based, and utilisation-based addition). The number of hubs to be added and
removed at every iteration is uniformly randomised.

The LNS algorithm was able to solve the full set of problem instances. The results are
presented in Table 5.5 and accompanied by the fitness deviations against any exact solutions,
measured in cargo delivered at discrete mission times (Table 5.4). As expected, the heuristic
provides a suboptimal response compared to the exact method. However, the latter can
only tackle smaller missions that cannot satisfy all cargo distribution objectives. As the
starting locations for UAVs are determined in accordance with overall demand requirements,
heuristic solutions for such instances have larger fitness deviations due to relocation requirements

(especially in the case of 10-node instances).
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Algorithm 1 Large Neighbourhood Search

function LNS

Input: temperature 7', absolute temperature a, cooling rate ¢, neighbourhood size n

1:

2

3 Output: optimal solution s*

4: neighbourhood N <-LNS(7T,a,c,n)
5: for solution s in N do

6 fitness fs < EvaluateSolution(s)
7 end for

8 while 7" > a do

9

s1 <—RouletteSelectionMethod (N, fy)

10: Sg <—Destroy(si)

11: S <—Repair(sg)

12: fs, = EvalauteSolution(sg)

13: z =Random(0,1)

14: if (fs, < fs,) or (2 < ew) then

15: N51 < So

16: end if

17: T=cT

18: for solution s in N do

19: integer flows s, <IntegerFlowsSolution(s)
20: routes s, +—RouteAssignmentAlgorithm(s)
21: fitness s; <—EvaluateSolution(s)

22: s* «—FindMinimum(sy)

23: end for

24: end while

25: return s*

26: end function

Algorithm 2 Destroy Function

Algorithm 3 Repair Function

1: function DESTROY

2 Input: solution s;

3 Output: new solution sy

4: z =Random(0,1)

5: if ag > z then

6 Sy <— RandomElimination(s;)

7 else if oy < z < B4 then

8 s9 +— UtilisationElimination(s;)
9

: else
10: S < CostElimination(s;)
11: end if
12: return so

13: end function

function REPAIR
Input: solution s;
Output: new solution sy
z =Random(0,1)
if a, > z then
sy < RandomAddition(s;)
else if o, < z < 3, then
sy <— UtilisationAddition(s;)
else
g < CostAddition(s;)
end if
return so
end function

Table 5.5: Heuristic runtime in sample problems. Fitness deviations compared with Table 5.4.

Instance Demand Drones

Payload Mission Duration Cargo

Deviation Runtime
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(kg) (kg) (mins) (kg) (%) (s)
50 179 0.6
2 100 359 0.3 83
150 498 1.0
525 15 50 270 0
3 100 495 - 86
150 525 0
50 300 0
2 100 600 0 83
150 820 2.1
4 nodes 900 25 =0 148 04
3 100 823 - 88
150 900 0
50 420 0
2 100 840 - 88
150 1140 2.6
1200 35 50 530 0
3 100 1140 - 92
150 1200 0
50 230 -
2 100 460 - 515
150 610 -
800 15 50 318 -
3 100 616 - 521
150 800 -
50 450 -
2 100 750 - 512
150 1050 -
7 nodes 1100 25 50 616 -
3 100 1019 - 508
150 1100 -
50 600 -
2 100 980 - 530
150 1200 0
1200 35 50 91 -
3 100 1200 - 532
150 1200 -
50 287 4.3
2 100 525 12.5 184
150 828 3.9
1450 15 50 433 3.7
3 100 841 - 323
150 1189 -
50 449 10.2
2 100 898 5.5 187
150 1246 5.2
10 nodes 1450 25 =0 6ol -
3 100 1244 - 355
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150 1450 -

20 489 1
2 100 917 - 191

150 1450 -

1650 35 50 w35 -
3 100 1239 - 369

150 1618 -

5.4 Case Study

The 1999 Chi-Chi earthquake in Taiwan had a magnitude of 7.3 and was one of the largest
catastrophes to occur in East Asia over the past 20 years. Over 2,000 casualties were recorded,
alongside 10,000 injuries, and damage/collapse of 14,000 buildings (Weimin 2000). As earthquake
effects were more pronounced in the central Nanto county, it was used for a numerical case
study by Sheu (2010) that focused on the logistics of disaster response. The demand forecasting
model used includes a detailed breakdown of earthquake effects across the provinces and is used
to develop a relief cargo demand dataset, which has been used by later studies as a reference.
Given the variable terrain and damages to road infrastructure, this was identified as a suitable
case-study for a UAV-based response strategy.

The proposed location-routing algorithm is set at the strategic and tactical planning stages
(battery-optimal trajectories, strategic planning for hub selection and operational planning for
optimal delivery tours). In this paper, the focus is on the distribution of relief resources to a
frail population composed of elders and children, characterised by increased mortality rates
(Liang et al. 2001). We assume that a care package (providing basic sustenance and medicine)
weighing 1 kg must be delivered to each person.

The physical and technical specifications of the UAVs used in this analysis (Table 5.7) are
informed by the commercially available QuestUAV Q-Pod and X8 cargo drones (QuestUAV
2017, UAV Systems International 2017). Although these are not capable of VTOL operation,
they are similar in size, range (60 minutes when empty) and payload capacity (3kg) to hybrid
models that are currently in development. Finally, it is assumed that a single delivery point is

established per township (Fig. 5.5), capable of satisfying the entirety of relief cargo demands.

107



CHAPTER 5. RAPID MEDICAL DELIVERIES FRAMEWORK USING UNMANNED
AERIAL VEHICLES

Table 5.6: Nanto County post-earthquake data including coordinates of each warehouse location

Sheu (2007).

Node Name Code Warehouse Location Population Frail population Fatalities
Latitude Longitude
1 Nanto City NC 23.92176 120.6808 104,777 215 119
2 Tsao Tun TT 23.99312 120.7258 96,833 2,373 45
3 JiJii JJ 23.82843  120.7865 12,250 8,656 151
4 PulLi PL  23.99367 120.9647 88,271 161 114
5 Chu Shan CS  23.70884 120.6932 62,269 342 206
6 Guo Hsin GH 24.01024 120.8684 24,643 567 62
7 Lu Gu LG  23.73367 120.7771 21,279 925 58
8 Ming Jian MJ  23.8458  120.6764 42,754 1,126 123
9 Sui Li SL 23.8092  120.8736 23,425 287 14
10 Yu Chi YC 23.87155 120.9303 17,894 327 267
11 Chong Liao CL  23.90838  120.781 18,252 3,892 24
12 Ren Ai RA  24.02771 121.1435 15,358 298 4
13 Hsin Yi HY  23.65008 121.0226 17,869 314 3

Hub establishment costs are assumed to be proportional to the local demand, with each item
contributing US$20 to the original US$1,000 hub costs. These costs are derived from Balcik
et al. (2008), where hub fixed costs were estimated to be US $100,000 for 100,000 m? capacity.
Their fixed costs estimation are reduced, given the need for smaller hub capacity and constraints
in UAV payload size (usually in the orders of 0.01 m?®). A unit travel cost of US$55/hour is
considered as provided by Holguin-Veras et al. (2013).

The trajectory optimisation model is applied to obtain trajectories taking the shortest and
most direct route to their destination, following terrain elevation, and overcoming geographical
obstacles. An example trajectory for the journey between Chong Liao and Ren Ai is presented
in Fig. 5.6. As expected, battery consumption rates vary significantly with different payloads.
An empty trip for this OD pair consumes 47% of the battery charge, while a fully loaded trip
consumes 68%, resulting in a 20% reduction in performance during loaded trips. A detailed
analysis of battery consumption rates across payloads is included in Appendix C. Over the
duration of a journey, our model provides mostly constant battery consumption rates, which
are attributed to the small pitch angles used in the flight path.

Using the derived trajectories for all OD-pairs, the algorithms in Section 5 are used to

determine an optimal set of UAV itineraries. Each itinerary is composed of a route r specifying
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Figure 5.5: Nanto County Map, with the warehouse location indicated with a blue icon.

the order of deliveries for each drone (including any loading and battery swap operations) and
an array of cargo assignments c. Nodes in r are identified using a numerical index provided in
Table 5.8. Given that r contains n nodes, ¢ will be composed of n — 1 members, where each
element in the cargo itinerary ¢; specifies the total cargo transported from r; to r; 1 in the
destination itinerary. Therefore, the total cargo delivered to node r; equates to ¢;_; — ¢; when

ci—1 — ¢; > 0, and to 0 kg otherwise. An example is provided in Table 8.

5.4.1 Parameter Tuning

Before applying the algorithm, manual tuning is used to derive a suitable set of LNS control
parameters, while tracking fitness deviations and runtime requirements for each combination of
values. As part of the tuning process, suitable values are determined for neighbourhood sizes N,
the cooling rate ¢ and the repair/destroy probabilities a,., ag, 3, and Sy.

As recommended by Park & Kim (1998), the initial temperature value T should allow new

solutions to be explored, so solution replacement probability P defined in equation (5.62) should
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Table 5.7: Model Parameters.

Parameter

Symbol

Value

Vehicle Parameters

Parasite Drag Coeflicient
Drag Polar

Payload Capacity
Empty Vehicular Mass
Wing Area

Vehicle cruise speed

Ucruz’se I’Il/S]

0.015
0.13
3

5
0.75
22

Battery Parameters

Battery Voltage
Battery Capacity

V V]
B [Al]

11.1

Cost, Parameters

Fixed Hub Cost
Time Cost
Battery Cost

)
C' [$/h]
G [3]

1,000
%)
100

Table 5.8: UAV itinerary example.

UAV  Type

Itinerary - using node indices from Table 5.6.

L Cargo Itinerary

Cargo Itinerary

Destination Itinerary 10, 3, 11, 10, 3, 11, 10, 3, 11, 10...
3,1,0,3,2,0,3, 1, 0...
Destination Itinerary 10, 12, 9, 10, 8, 10, 8, 10...
3,1,0,3,0,3,0...
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Figure 5.6: Trajectory connecting Chong Liao and Ren Ai with an empty UAV.
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yield a unity value. Given that the initial fitness deviation ranges 100 without accounting for
penalties, we specify a temperature value of T'= 10,000. Lower absolute temperatures yield
near-zero P values, ensuring an elitist selection process, which is desirable for the latter stages
of a search. We, therefore, adopt value for a ranging 0.01 (Table C.5).

The algorithm provides low fitness deviations on multiple occasions. The best solution
is obtained using control variables values of @ = 0.001 and ¢ = 0.9999 that provide a larger
number of iterations. However, algorithm runtimes under this configuration exceed 76 hours,
which is impractical for humanitarian logistics planning. As a compromise, the values a = 0.01,
¢ = 0.9995 are used accompanied by a neighbourhood size N = 100, which yield 0% deviation
from the best-found solution under reasonable runtimes.

With respect to operator probability, greater values of o, and a4 increase randomness and
reduce the effectiveness of the algorithm. Conversely, higher values [, and [; increase the
frequency of utilisation addition and elimination, which yield low fitness deviations. As a result,

the remaining results are gathered using a,, = 0.1, ag = 0.1, 5, = 0.55 and (; = 0.55.

5.4.2 Results

Table 9 presents the results obtained for the case study. In addition to cumulative deliveries
and mission completion time, we measure the inter-arrival time that indicates the average time
between deliveries, the average flight times indicating average travelling times for vehicles, and
the number of batteries and average energy required per battery. Our algorithm consistently
selects Yu Chi (located centrally) as the preferred location of the logistics hub, bringing remaining
townships within the range of UAV operations. A comprehensive list of preliminary model
outputs with optimal relief distribution rates for each township under a range of fleet sizes is
provided in Appendix C (Table C.6).

For scenarios involving less than 60 UAVs, the algorithm selects an additional hub at Nanto
City. Despite being a spatial outliers, Nanto City is located near Ji Jii, Tsao Tun, Ming Jian,
Lu Gu, and Chong Liao, which are the townships with the highest demand rates (collectively

accounting for over 80% of the total).
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Table 5.9: Model outputs (without delivery balancing).

UAVs  Hubs  Mission Inter- Flight Wait Batteries Average Cumulative

Time arrival Times Times (per Recharge Deliveries

(hrs)  (mins) (mins) (hrs) hub)  (kWh) (kg)
Day  Day
1 2

35 NG, YC 71 5.70  10.56 0 54, 80 450 8,820 15,024
40 NC, YC 62 421 10.59 0 52, 83 439 9,600 16,734
45  NC, YC 66 5.26 13.73 0 o4, 107 437 8,065 15,385
50 NG, YC 62 3.79 13.75  1.00 75, 98 421 8,545 16,195
55  NC, YC 46 3.76  10.66 0.15 107,104 2.83 12,057 18,942

60 YC 95 447 1268  3.40 120 6.54 10,509 17,889
65 YC ol 235 12.68 0.46 132 0.71 11,541 19,298
70 YC 47 495 12.68 1.23 140 0.44 12,258 19,499
75 YC 46 240 12.68 047 154 5.01 13,332 19,499
80 YC 39 248  12.68 0 172 4.49 14,148 19,499
85 YC 37 546  12.68 0 190 4.06 14,790 19,499
90 YC 35 482  12.68 0 204 3.78 15,575 19,499

Algorithm Comparison

In order to assess the suitability of our LNS implementation, we compare our solution method
with a Simulated Annealing (SA) algorithm, and a bi-level SA solution method proposed by Wu
et al. (2002). The former is structured similar to our implementation, but uses a SA instead of a
LNS, while the latter solves the location and routing problem in each level, using a feedback loop
to transfer information between the two modules. Both algorithms employ the same absolute
temperature a and initial temperature 7. Only the cooling rate ¢ is modified in the bi-level SA
implementation to reduce algorithm runtime.

The results of the SA implementation are presented in Table 5.10. Under all fleet sizes, the
algorithm selects Yu Chi as the preferred location. In addition, the battery storage requirements
are lower, with a reduction in total stock of 40%, 2% and 14% for 40, 60 and 90 UAVs. However,
the mission times are substantially longer in all cases, with minor improvement in inter-arrival
times. Two factors contribute to this output: longer average flight time and greater wait times,
which increase from 0 to up to 7 hours for 40 UAVs. The latter is a consequence of smaller

battery stocks provided in the hubs, requiring larger average recharge (137%, 0%, and 22%
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increases for 40, 60 and 90 UAVs). The results presented show that the LNS provides a better
solution given its ability to traverse the solution space using multiple neighbourhoods.

The bi-level SA algorithm proposed by Wu et al. (2002) solves the multi-depot location-
routing problem. The algorithm is adapted and run to solve the depot selection-routing problem
in this paper, with results summarised in Table 5.10. Our LNS approach provides considerable
improvements on mission completion times using any number of UAVs (48%, 16%, 34% for 40,
60 and 90 UAVs), in addition to increasing the computational costs to over 48 hours. Further
improvements are seen in the reduction of battery stocks by 20% and 8% for 60 and 90 UAVs
(with an increase in battery stocks for 40 UAVs), as well as reductions in wait times in all tests.

The bi-level SA employs stochastic exploration to traverse through the search space governed
by the cooling rate c. Its main drawback relates to the large computational runtime required to
explore through both levels of the SA simultaneously. The excessive computational runtime
reduces its effectiveness for humanitarian logistics planning, which requires rapid decision-making
under limited resources. While a reduction in value of the cooling rate c accelerates the search
process, it results in a coarser exploration of the solution space, leading to larger optimality gaps.
Therefore, the LNS and heuristic approach provided provides lower response mission times, as
well as better resource allocation in shorter runtimes, despite being limited to a lower-bound

solution.

Table 5.10: Model outputs using the Simulated Annealing (SA) and bi-level SA models.

Model UAVs Hubs  Mission Inter- Flight Wait Batteries Average Cumulative
Time arrival Times Times (per  Recharge Deliveries

(hrs) (mins) (mins) (hrs) hub)  (kWh) (kg)
Day  Day
1 2

40 YC 114 1.61 13.36  7.57 76 10.68 6,129 11,640

;ﬂ) 60 YC 64 3.07  12.68 3.40 118 6.54 9,341 15,736

90 YC 23 1.32 1336 2.20 175 4.64 15,939 18,693

< 40 NC, 92 3.56 12,77  8.60 13,10,68  9.49 5,381 10,430
N CS, YC

M 60 NC, 63 344 1282 237 20,24,105 5.89 7,883 15,155
CS, YC

90 JJ, SL, 47 284 11.78 044 5142128 4.01 12,587 19,499

YC
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Response Fairness

At this point, it is noted that these solutions provide an uneven coverage of distribution demands.
Hence, an alternative objective is proposed that seeks a proportional distribution of relief in
addition to cost minimisation, ensuring that all townships are served fairly and in accordance
to demand. This conforms to the humanitarian principles and WFP policy as well as to the
Humanitarian UAV Code of Conduct, a document endorsed by over 60 organisations including
WEFP and other United Nations agencies (WFP 2002, Bagshaw 2012, UAViators 2015). Fair
distribution is accounted for by including the following balancing operator to the initial objective

function:
deljﬁt

A
5 (5.63)

del
FP—UZ%%(\ Z't —jze;v
where del;; is the total cargo delivered to node 7 at time step ¢, N indicates the total number of
nodes and o represents a cost factor that weights the impact of the component with respect to
the rest of the objective function. As a balancing operator, it calculates the maximum difference
in demand satisfaction at each time step.

The results for balanced deliveries with fleet sizes of 40, 60 and 90 UAVs are summarised in
Table 5.11, while detailed results are provided in Appendix C (Table C.7). The revised objective
succeeds in providing an even distribution of relief cargo with minimal deviation (under 2%)
among nodes and reduced inter-arrival times between successive UAV deliveries. This comes at
the expense of considerably longer mission durations, at rates of 44%, 7% and 23% (for 40, 60,
and 90 UAVs) when compared to the results obtained in Table 5.9.

Conversely, when the original objective is used, the algorithm initially focuses response on
a cluster of counties (Tsao Tun, Chong Liao and Pu Li), while Ren Ai and Hsin Yi (the two
remotest counties) being last to serve. Additionally, accounting for balanced delivery results in
substantial reductions in inter-arrival times. Another unexpected consequence is the 25% and
10% reduction in battery stocks for 40 and 60 UAVs. However, the wait times increase as a

result, as well as the average recharge requirements, contributing to the longer mission duration.

Table 5.11: Model outputs (with delivery balancing).
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UAVs  Hubs  Mission Inter- Flight Wait Batteries Average Cumulative
Time arrival Times Times  (per Recharge Deliveries
(hrs)  (mins) (mins) (hrs)  hub)  (kWh) (kg)

Day  Day
1 2
40 NC, YC 89 1.44 1198 3.80 55, 46 796 6,129 11,640
60 YC 59 1.14  12.68 5.25 124 6.89 8,894 17,741
90 YC 43 1.17  12.68 1.82 182 4.38 13,079 19,499

Conservative Energy Estimation

A final run of the model was carried out without the payload-aware energy consumption model.
This would represent a more conservative approach to battery management and assumes that
UAVs always consume energy at the highest possible rate (as if fully loaded), imitating the
static approach viewed in the literature, where UAV range is determined by a single parameter.
Due to the resulting decrease in flight range, the model establishes additional hubs, resulting in
higher capital investment and operating costs.

This method (Table 5.12) also produces significantly longer mission durations (12%, 4%
and 4% respectively) compared to the initial approach. However, due to the use of more hubs,
distances and flight durations among demand points are reduced, leading to lower average
inter-arrival times. Furthermore, the selection of additional hubs require the provision of excess
battery stock ready for replacement to reduce wait times. As a result, the battery stock increases
in all scenarios (30%, 198% and 78% for 40, 60 and 90 UAVs).

These results suggest that our approach substantially improves the time and cost efficiency
of UAV delivery by considering variable energy consumption, battery management and recharge
location aspects that are neglected in the reviewed literature.

Table 5.12: Model outputs (with conservative battery management).

UAVs Hubs Mission Inter- Flight Wait  Batteries Average Cumulative
Time  arrival Times Times (per hub) Recharge Deliveries

(hrs)  (mins) (mins) (hrs) (kWh) (kg)
Day 1 Day 2
40 PL, 71 207 1237 0 84, 43, 49 3.82 9,337 15,168

Cs, SL
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60 NC, 57 3.45 12.26 0.80 90, 51, 82, 1.92 12,360 18,044
PL,CS, 68, 66
SL,
HY
90 PL, 40 3.46 12.49 0.47 163, 110, 1.90 15,939 18,693
CS, SL 91
Discussion

Regarding the utility of UAV compared to conventional trucks, their main advantage relates
to their independence to transport infrastructure, which was significantly damaged during
the Chi-Chi earthquake (Weimin 2000). Beyond infrastructure concerns, the reduced delivery
inter-arrival times are another key advantage of UAVs. Our results indicate that a fleet of UAVs
would be capable of performing deliveries within 15 minutes from depot establishment. As
survival rates decrease significantly over time (Huang & Lien 2012), such an approach would be
readily deployable and capable of delivering life-saving resources within a time window that
would not be achievable by other transport methods.

As acquisition costs and payload capacities preclude the exclusive adoption of UAVs for
missions seeking to serve the entire population, our approach seeks to provide aid to frail
individuals in the first instance. Using a fleet of 90 drones, the implied fleet acquisition costs
would be approximately US$ 450,000 (assuming a market-consistent unit cost of US$ 5,000).
Such a fleet would have the added benefit of being easily deployable across a broader region and
allowing respondents to target areas that would be harder to reach using conventional means.
It is safe to assume that as costs reduce and vehicle performance/capabilities improve, it would
be possible to use UAV fleets for more ambitious mission designs.

A potential limitation to UAV operations relates to climate and weather conditions, with
precipitation and wind gusts being a key concern. The performance of battery-powered UAVs
can be readily affected by temperature variations — an increase in background temperature
leads to increased power consumption rates, while lower temperatures reduce battery efficiency
(Baronti et al. 2011).

A further concern, specific to the mission structure adopted in this study relates to the
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availability of an energy source for battery charging, which could be addressed with the use of
generators, renewables, or liquid fuels. We compare the findings of our study to mission outputs
obtained by earlier studies that also focused on the response to the Chi-Chi earthquake, with
the results summarised in Table 5.13.

Sheu (2007) proposes a relief routing approach using demand clustering and a dynamic
programming model. A case study is provided for Taichung County, aiming to deliver 180,000
gallons of water, 25,000 meal boxes, 13,000 sleeping bags and 2,200 camps over three days using
a two-stage distribution strategy (6 supply nodes, one distribution node per township, and a
total of 24 demand points). The algorithm meets 74% of the delivery target within 3 days, an
average inter-arrival rate of 4.6 hours, and an overall cost of US$15.8 million (accounting for
both transportation and inventory).

Sheu (2010) also focuses on Nanto Country, estimating fatalities over time and using a
clustering approach (relief urgency, damages) to coordinate response. Even though a different
mission objective and methodology are used, the resulting mission also prioritises response to
Chong Liao, Ji Jii and Yu Chi. This is comparable to the results from our study, where Chong
Liao and Ji Jii are prioritised due to the large numbers of frail population.

Chang et al. (2014) used a GA-based approach to identify an effective response strategy
using a homogeneous fleet of trucks (each with a payload of 4000 kg). Their analysis is focused
on Nanto County, using a total of 30 demand points (instead of 13) and a predetermined set of 4
distribution hubs. Their model delivers enough cargo to support 159,373 people, each provided
with a care-package of 3 kg. A fleet of 97 trucks completed the mission in under 24 hours, at
an assumed cost of US$ 1,000 per vehicle. The mean travel time of 30 minutes between each
arrival is estimated even with higher number of distribution depots and shorter distance between
delivery nodes when compared to our study.

The discussion above intents to provide an overview of findings from mission design studies
that used the same event as a case study premise. It should be noted that these studies focused
on land-based methods of relief distribution. In doing so, the studies do not account for debris
and infrastructure damage that affected field operations in the aftermath of the earthquake — a

key motivating factor for the delivery concept discussed in this study.
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Despite the improvements provided in comparison with conservative battery management
and alternative solution methods, there are a number of challenges that should be resolved
before implementing our algorithm in real-world applications. Firstly, the algorithm does not
consider the activity of other humanitarian organisations in the area. However, the algorithm is
applicable in operations where control is centralised or coordinated by a singular body.

The case study presented also ignores the potential interactions with other aircraft types, such
as helicopters or other UAVs. Despite Assumption 5.4 limiting potential conflicts, the existence
of aircraft operations under different performance requirements necessitates the integration of
performance based navigation frameworks.

Finally, while the algorithm provides nearly 20,000 kg of cargo in 35 hours, UAVs will most
likely be used in tandem with ground based vehicles that are able to carry larger payloads,
with UAVs servicing inaccessible areas. The proposed algorithm, however, would be useful in
the design of relief distribution systems for inaccessible areas due to damaged or lack of road

infrastructure, where aerial transportation is necessary.

Table 5.13: Comparison of humanitarian response case studies involving the Chi-Chi Earthquake.

Author Objective Methodology Indicators Scenario Results
Sheu Demand Data fusion, Fatalities, relief Nanto 5-day relief-demand
(2010) forecasting; clustering, group demand, urgency County priority to Chong
group prioritisation Liao, Ji Jii and
prioritisation Yu-Chi
Chang Relief Greedy-search, Demand satisfaction, Nanto Completed in 32
et al. distribution genetic travel time, costs, County hours, serving 159,373
(2014) using trucks algorithm interarrivals people with 97
vehicles. *
Sheu Demand Clustering; Interarrivals, demand  Tai Chung Total cost US$15.8
(2007) grouping; relief dynamic satisfaction, costs. County. million, 4.6 hour
distribution. programming. inter-arrival time.
This Relief Trajectories; Total mission Nanto Completed in 35
paper distribution Bi-stage LRP. duration, demand County. hours serving 19,499
using UAVs. satisfaction, people and 4.8-minute
inter-arrivals. inter-arrival time.

* A mean arrival time of 30 minutes is estimated between each delivery given vehicle velocity and the average
distance between destination nodes and supply nodes.
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5.5 Concluding Remarks

Humanitarian response organisations are increasingly relying on UAVs for field operations,
with most current deployments focusing on photography, mapping, and mission planning.
Current trends indicate that UAVs have the potential to become a vital asset in the last-mile
domain, especially for low volume high-value cargo. To this effect, we present a quantitative
framework for the design of humanitarian response missions considering operational aspects of
UAV deployment.

Our analysis demonstrates that a failure to consider payload variations and their relationship
with vehicle range leads to a significant underestimation of operational capability, especially in
the case of larger fleets. We also account for relief fairness as defined by WFP and other UN
agencies, which leads to increased mission times but yields more evenly distributed delivery
plans. The algorithm provides between 20-40% reductions in mission completion times against
alternative algorithms, as well as significant improvements in computational runtime.

To the best of our knowledge, the framework presented in this Chapter is the first to
simultaneously consider aspects of trajectory optimisation, warehouse selection, inventory, and
battery management. Additionally, it has shown to be applicable for large vehicle fleets and
long mission duration, a major limiting factor in multi-vehicle green routing problems.

Some of the most pressing operational limitations that currently affect UAV deployments
relate to weather-induced performance constraints. Winds and precipitation represent critical
challenges to current UAV models, as they may lead to loss of control and damages to the
electronic equipment. At the same time, given the increasing investment and research in
autonomous systems, communications, propulsion technologies and airframe designs, it is fair to
expect that significant improvements will be made to UAV performance in the years to come.

Efforts are currently underway by the International Civil Aviation Organisation (ICAQO), the
European Aviation Safety Agency (EASA) and the Federal Aviation Agency (FAA) to create
the necessary regulatory framework and airspace management techniques that would allow for
better integration of UAVs to managed airspace activities. Furthermore, WFP has imminent

plans for their deployment in last-mile operations and is currently developing coordination
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mechanisms to maximise their added value and reduce any potential safety risks. The project
consists of building local capacity for UAV deployments in disaster-prone countries, reducing
uncertainties in availability and response times.

The approach discussed in this paper is used to develop low-altitude trajectories that would
minimise interaction with other air traffic. Further research is required to develop techniques
that cater for changing demand patterns, and to consider further air traffic control aspects.
These topics are explored in Chapter 6.

Furthermore, while the approach considered in this Chapter involves the use of UAVs for
last-mile delivery, their limited payload and range compared to ground vehicles suggest that
deploying them for inaccessible and specialised cargo (such as vaccine) will yield the greatest
benefits. Nevertheless, research that explore their role to support last-mile delivery by estimating

demand or assessing infrastructure damage using aerial imagery. This is the focus of Chapter 7.
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Chapter 6

Sequential Real-time Path Planning for
Unmanned Aerial Vehicle Fleet

Management

This chapter has been adapted from the following publication: Escribano J, Angeloudis P,
Ochieng W (2019). Sequential Trajectory Optimisation Using Dynamic Airspace Sectorisation.
Transportation Research Board 98th Annual Meeting (TRBAM 2019).

The previous chapter designed the placement of supporting infrastructure considering UAV
flight trajectories. While the approach is sufficient for planning purposes, drone operations must
consider the changes in demand for airspace due to the volume of UAVs expected to operate
simultaneously.

Within the context of Urban Air Mobility, which manages the metropolitan air traffic
operations, Thipphavong et al. (2018) highlighted that congestion management and scheduling
still require further development, including on-demand route planning and system-wide optimal
vehicle scheduling. The main challenge towards implementing UAM relates to scalability as a
result of the number of UAVs sharing the airspace. This problem can be overcome by creating a
static network with pre-defined planned flight paths.

However, this approach is only applicable when origin-destination pairs remain static, as is
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the case with Rothfeld (2018). In cases where demand patterns change, such as humanitarian
operations studied in this thesis where new data is gathered throughout the mission, flight
trajectories should be revised without compromising safety. This calls for the development of
alternative methodologies that can provide feasible solutions under reasonable runtime, even at
the expense of optimality.

This gap is addressed in this chapter by proposing a bi-level airspace management heuristic,
composed of a dynamic airspace segmentation algorithm which governs a trajectory planning
heuristic that optimises UAV operations in terms of energy consumed and mission durations. The
vehicle flight plans are discretised into sections, with each segment being improved progressively
as the vehicle completes its trip. An optimal airspace structure is generated by a dynamic
clustering algorithm based on a hybrid K-means PSO algorithm.

This combined approach, to the best of the author’s knowledge, has not been proposed
previously in the literature. We apply the model to the UAV operation optimised in Chapter 5,
which aims to maximise relief delivery in the aftermath of a natural disaster.

The chapter is structured as follows: the model framework is presented in Section 6.1,
followed by the airspace segmentation model in 6.2.1. We formulate and propose a solution to
the trajectory planning problem in 6.3. Section 6.4 provides the results and discussions, with

final thoughts captured in Section 6.5.

6.1 Framework

The overall problem workflow consists of two main components: a vehicle routing algorithm
and a trajectory management module. The former generates and evaluates problem solutions
based on pre-defined key performance indicators and metrics (as described in Chapter 5). The
trajectory management module uses these results as inputs to create feasible trajectories for
the vehicle fleet. Together, the algorithms generate mission and supporting infrastructure
requirements.

The trajectory management module contains two processes: a dynamic clustering algorithm

and a trajectory planning heuristic. The dynamic clustering procedure discretises the airspace
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Figure 6.1: Model workflow.

into distinct segments considering traffic, weather and geography. This way, the number of
conflicting vehicles and trajectories to consider during trajectory planning is reduced by limiting
the analysis to obstacles within the cluster. Vehicles are given a location and approximate
allowable time window to enter and/or exit a cluster that allows for modifications in their
trajectories if required.

The trajectory planning heuristic creates UAV paths and modifies routing decisions based on
the level of activity in an area, battery levels and demand requirements. A battery consumption
minimisation is proposed whilst ensuring safety by maintaining minimum separation with other
vehicles in accordance with PBN and RNP requirements.

Trajectories are assumed to follow the profile shown in Figure 6.2. Three distinct phases of
flight are identified: ascent, cruise and descent, as well as a transition stage before and after the
cruise phase. The trajectory planning heuristic described in this Chapter focuses on the cruise

stage, as ascent and descent is assumed vertical in line with Assumption 4.1 in Chapter 5.

6.2 Airspace Segmentation

The airspace sectorisation problem is solved using a bi-step solution method. First, a clustering

algorithm selects optimal centroids, and then a graph partitioning heuristic generates the sector
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Figure 6.2: Trajectory profile.

boundaries. In the reviewed literature, GAs are used to select optimal centroid locations (Tang
et al. 2012, Sergeeva 2017), and in Xue (2009), an additional process is added to reduce the
heuristic runtime.

Instead, we propose a hybrid K-means Particle Swarm Optimisation (PSO) algorithm where
the K-means heuristic provides an initial solution to the PSO algorithm, which further explores
the solution space. The hybrid method combines the speed and local optimality of the K-means
algorithm, and the ability to consider multiple non-geometric factors of the PSO. In general,
PSOs have been applied to clustering problems previously with consistent better performance

than locally-optimal heuristics (Esmin et al. 2015, Bopche & Jain 2016).

6.2.1 Formulation

Indices Sets

1 = cluster S = cluster set

v = vehicle V= vehicle set D C N

k= waypoint K = waypoint set

Parameters Variables

L,U = Coordinate space [-] a; = DBoolean: vehicle v traverses cluster
)

tqy = Decision timestep [s] Tivk = Boolean: vehicle v traverses cluster
1 trough waypoint ¢

o = Contribution parameter -] Givk = crossing of sector ¢ by vehicle v at
waypoint & [$]

¢ = Coordinate location of waypoint £ y; = Cluster centroid coordinates

to. = Waypoint timestamp [s] Siwk = Waypoint k distance to centroid of
cluster ¢

v = Objective weight parameter [-| rior = travel between k and k + 1 way-
points
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dy, = distance point of waypoint k por = weight value of every waypoint k
and k£ + 1 waypoints
T = cluster flight time

The mathematical formulation of the problem is presented:

Minimise Z =y D + %W + 43P (6.1)
D = Z DPivkSivk (62)

i€ESWEVKEK
W = Z | Z sy — 2 ieswey Giv | (6.3)

, N

€S weV
P= > quw (6.4)

i€SweVkEK
Subject to:
d G <2 VieS VeV (6.5)
keK
> ik <aM VieSVoeV (6.6)
keK
Y k>, VieSVoeV (6.7)
keK
> rik(dogir —du) ST Vie S VeV (6.8)
keK
Givk = |Tivgs1 — Tiok| Vi€S YweV Vke K (6.9)
Sivk = |cok —yi| VieSYveV Vke K (6.10)
Tivk < Tive VIES YveV Vke K (6.11)
Tivk < Tingy1 VIES YveV Vke K (6.12)
Tivk = Tivk + Ly 1 — 1 VieSWYweV Vke K (613)

ok, — (t+ 3t
pvkzzl—(f’k (t+2d)| Vie SVYVoeV Vke K (6.14)
d
14 w S jv A S :J ' .
tg = 4 L Sk S S VIES ATy e K (6.15)
0 else

aip, ={0,1} Vie S YveV (6.16)
L<y, <U VieS (6.17)

The objective function (6.1) is composed of three components defined in (6.2-6.4). Equation
(6.2) evaluates the relative distance between the centroids and waypoints, where p,; represents
the weight value associated to each waypoint.

The objective ensures that the centroid position is located at a mean distance of the vehicle

waypoints. Equation (6.3) evaluates the total number of unique vehicles in each cluster i.
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Parameter W determines the cumulative deviation against the mean, such that a reduction of
this value results in a more balanced workload between the clusters. Finally, equation (6.4)
calculates cluster crossings to minimise path re-planning.

The problem is constrained by Equations (6.5-6.17). Constraint (6.5) ensures shape convexity
by limiting all cluster crossings twice (at entry and exit). Equations (6.6-6.7) determine whether
vehicle v has traversed through cluster i. Constraint (6.8) sets the minimum cluster flight
time at T'. Equation (6.9) calculates the cluster crossings based on variable x;,,. The distance
between centroid ¢ and waypoint & is calculated in (6.10). Equations (6.11-6.13) linearise the
behaviour of (6.8), ensuring that waypoints k£ + 1 and k belong to sector i. The behaviour of
the weight parameter p; is described in Equation (6.14). Constraints (6.15-6.17) bound ;.
and a;, as Booleans, and y; as a coordinate within a maximum coordinate U and minimum L.

Concerning the weight parameter in Equation (6.14), the value of p; is also dependent
on parameter o, that is bounded between 0 and 1, where 0 ensures the contribution of all
coordinates is equal, and 1 represents maximum weight value. An alternative method to evaluate
equation (6.2) would consist on discretising the planned path into fixed distance waypoints, and
evaluating the position to each coordinate. However, the approach would result in increased

runtime.

6.2.2 Solution Method

Initially, the number and location of centroids are defined using a K-means clustering approach.
Once the location of centroids has been optimised, we apply Fortune’s sweep-line algorithm to
compute the Voronoi Diagram, subdividing the volume into discrete regions (Fortune 1987). Each
subdivision corresponds to a centroid, with region boundaries being equidistant to neighbouring
centroids. This process ensures shape convexity and creates non-overlapping sectors. Convex
airspace sectorisation reduces vehicle re-entries to a region and simplifies airspace monitoring,
while the latter prevents issuing multiple instructions to the affected aircraft (Sergeeva 2017).
The main limitation of the steps above relates to their inability to evaluate complex perfor-
mance metrics. The K-means clustering approach solely considers relative distance, while the

resultant Voronoi graph features equidistant boundaries between selected centroids. By using a
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PSO algorithm we can modify the location of the boundary vertices to alter the shape of the
cells. In doing so, we identify two types of boundary vertices: fixed and free. The former is only
modified along a predefined boundary line, while the latter can move in any direction. This
mechanism allows us to introduce cells of fixed sizes, representing no-fly zones and extreme

weather areas. A visualisation of the algorithm implementation is presented in Fig. 6.3.

(a) Movement Regions for each vertex (b) Modified Airspace Structure

Figure 6.3: Airspace modification vertices. The green and blue nodes indicate fixed and free
vertices respectively. The shaded region represents an immutable no-fly zone.

The PSO is a population-based stochastic metaheuristic where each particle, z, represents a
position in the solution space, and where a population of particles is referred to as the swarm s
(Poli et al. 2007). In the context of this problem, every particle contains the boundary vertices
¢;. Particles are assumed to navigate the solution space independently according to a velocity
vector v, unique to each particle . Additionally, every particle x contains information of their
personal best p solution, which monitors the historical position that provides the best fitness f.
The fitness value is a unique scalar parameter determined by computing equation (6.1) that
quantifies the optimality of the solution. Using this value, the position of the population-wide
best, b, is also captured.

The algorithm commences by generating a uniformly randomised initial swarm s based on
the initial K-cluster solution, and a velocity vector v. Every solution is evaluated, and the
personal p and global best solutions b are determined. Given the personal best p and population

best b, the velocity v is re-calculated, and the position of the swarm is updated. This cycle
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is repeated until any of the two stopping criteria is met: a maximum number of iterations ~
is reached, or the solution has converged. Convergence is evaluated determining whether the
average velocity exceeds a minimum tolerance n. The full algorithm pseudocode is presented in
Algorithm 4.

Particle movement is defined in equation 6.18, and contains three components:

1. Inertia is defined as the vehicle speed from the previous time step v; and an inertia

coefficient n that quantifies the contribution of inertia to the rest of the components.

2. Personal bias directs each particle to their personal best position p,. This behaviour is
reflected by the vector p; — s;. A uniformly random number r; = U|0, 1] is introduced to

preserve movement stochasticity. At ¢t =1, p, — s, = 0.

3. Social bias behaves similarly to the personal bias: particles move towards the best-known
solution b; in the neighbourhood. In this application, we assume all particles belong to
the same neighbourhood, so the swarm has knowledge of the global best. Similarly, a

stochastic parameter 75 is introduced, analogous to r;.

The inertia n and bias parameters w; and w, quantify the relative contribution of each
component to the velocity v. A high inertia parameter value compared to bias parameters allow
free roaming of the particle before being pulled back close to the known best, while relative
low inertia values mean that the solution orbits around the personal and global best solutions.
The velocity v is also bounded by a user defined maximum allowed velocity v,,q, such that
er Uz < Umag. Umag determines the maximum search resolution allowed. An exceedingly high
value would increase the likelihood of the particle to pass over good solutions, while a small

value leads to insufficient exploration of the solution space.

Vi1 = nug + riwy (pr — S¢) + rowa(by — s¢) (6.18)

Compared to a Genetic Algorithm, the PSO allows the best global solution to transfer infor-
mation to all the population, with varying weight (ws). The GA can only achieve this through
crossover operations, which can incorporate sections of sub-optimal solutions. Furthermore, the

constant adjustment towards the best-known solution results in fast PSO convergence. According
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to Hassan et al. (2005), the PSO generally provides better solutions with less variance than the
GA in non-linear problems with continuous variables, including clustering problems. Additionally,

the PSO has fewer parameters to adjust by the user, further facilitating convergence.

Algorithm 4 Hybrid K-Means Particle Swarm Optimisation

1: function H-PSO
2: Input: Expected vehicle trajectories r, centroids k, waypoint weight parameter o,
tolerance n
Output: optimal sectors g*
1 =20
average velocity A = 1000
centroids ¢ «—K-means(r,n)
swarm s <Generation(c, [U|(Zmin, Tmaz)s (Ymins Ymaz)|]
velocity v < Ulz, y|
fitness f < Fitness(s,r, o)
10: personal best p < GetPersonalBest(s, f)
11: best b <— GetBest(s, f)
12: while i < v and A <7 do

13: v <—NextVelocity(s, v, p, b)

14: s=Ss+v

15: f < Fitness(s,r, o)

16: p < GetPersonalBest(s, f)
17: b < GetBest(s, f)

18: A Average(v)

19: 1=1+1

20: end while

21: return g* < VoronoiGraph(b)

22: end function

6.3 Real-time Path Planning Component

Indices Sets

1,7,k,l = Node N = Node set

t = Time step T = Time step set

€,s = Section N = Trajectory Section set
State Variables Control Variables

U = Airspeed [metres/second] T = Thrust force [Newtons|
SOC = State of charge -] ¢ = Heading angle [radians]
x,y,z = Cartesian coordinates [km)] 0% = Pitch angle [rads]

CrL = Lift coefficient [-]

Cp = Drag coefficient [-]

n = Load factor [-]

ny,n, = Vertical/Horizontal load factor -]
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Force Parameters Battery Parameters

D = Drag force [metres/second] P = Power [Watts]

L = Lift [N] I = Current [Amps]

W = Weight [N] V= Voltage [Volts]

m = Drone Mass (with payload) [kg] B = Battery capacity [Amps-Hour|
g = Acceleration due to gravity [m/s?] Ae = Section size [s]

a = Acceleration [m/s?] i = Aggregate efficiency |-]
Aerodynamic Parameters Problem Parameters

K = Drag polar [-] At = Trajectory length [s]

p = Air density [kg/m?] R,, = Horiz. safety radius

S = Wing area [m?] R, = \Vert. safety radius

q = Dynamic pressure: 3pU? [kg/ms?]

Cho = Parasitic drag coefficient [-]

The model presented in this section determines energy-optimal trajectories and shares many

similarities with the trajectory optimisation algorithm in Section 5.2.1. However, while that

problem is tactical in nature, the algorithm developed in this section includes obstacle avoidance

constraints. The formulation is defined below, adopting the assumptions presented in Section

5.2.1 as well as the following:

Assumption 6.1: Vehicle fleet is managed by a single actor.

Vehicles share information on trajectory and speed, facilitating collision avoidance.

This

assumption is made given the deployment of the UAV fleet by a single actor, so it is reasonable

to assume that data sharing is bi-directional.

Minimise Z = Z SOOZ'jtef

1,jeEVteT

Subject to:

Tiji(er1) = Tijte + AeijtUij1ecos(Vijie)cos(Vijie)  Vi,j €N, YVt €T, Ye€ €
Yijt(e+1) = Yijte + DeijtUijtecos(Vijie)sin(iee) Vi,j €N, Yt €T, Ve € &
Zijt(er1) = Zijte T DeijpUsjiesin(yijee) Vi,j €N, Yt e T, Yee &
AeijtTijteUijte
uBV

mUijte = Tijte — Dijte + Wsin(yijee) Vi, j €N, YVt €T, Yee€ &
Dijte = %prﬁeSOD Vi,jeEN, YtET, Vec &

Ch :CDO+KC%ith Vi,je./\/', VteT, Vee &

SOCjt(e+1) = SOCiji(es1) — Vi,jeN, VteT, Yec&

ijte

ijte
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|’Yz‘jt(e+1) — Yijte| Aeijt < Ymaz

Equations (6.20-6.34) define UAV flight constraints under the 3D Cartesian coordinate
system defined in (6.20-6.22). Battery depletion during flight is described in (6.23). Vehicle
thrust is calculated using the point mass model flight equilibrium equation defined in (6.24).
Equation (6.25) describes the drag force relation to the drag coefficient, the latter defined as a
function of C'y, in (6.26).

Equation (6.27) relates Cp, and load factor n, which varies with turning as described by
(6.28-6.30). Total flight time is calculated by equation (6.31). Constraints (6.32-6.33) ensure
non-conflicting trajectories are developed, considering horizontal and vertical safety distances
respectively.

We limit flight path angle to 90 degrees, and assume that thrust 7" is positive and lower than
the maximum thrust level provided by motors in (6.34). Additionally, the target speed U, is
predetermined and fixed throughout the cruise stage. We consider a variable terrain geography
in constraint (6.35), described by function f(x;;,v;;), assuming a fixed ground clearance 2,
and maximum altitude z,,,,. Finally, turning is limited to maximum turning rates Qﬁmax and

Ymaz I equation (6.36).
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6.3.1 Sequential Implementation

Given the complexity of the formulation presented in the previous section and the large number
of vehicles expected to operate within the same airspace, determining the optimal trajectory of
UAVs is not a trivial task. Path planning runtime increases exponentially with the addition of
each obstacle as a consequence of evaluating the distance to each obstacle individually, regardless

of the actual risk of collision.

- _
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Figure 6.4: Sequential Trajectory Optimisation. Red line area indicates general planned route
volume, with blue line representing the detailed trajectory considering airborne traffic. The
shaded parameters indicate that their values have been determined by the planner.

We overcome this limitation by developing a sequential trajectory optimisation algorithm

governed by two processes: a general path planning heuristic, and a detailed intra-sector
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trajectory optimisation algorithm. Initially, a general path is developed to determine the
airspace segments the vehicles will travel through, with approximate time window 7' and
approximate entry and exit coordinates z. These are allowed to vary, and their uncertainty (A
and 0 referring to time and distance uncertainty respectively) is related to the proximity to the
vehicle.

When entering each sector, the vehicle generates a detailed trajectory, accounting only for
potential conflicts of vehicles inside the sector, reducing the problem size substantially. The
algorithm structure is shown in Figure 6.4. The general and detailed path planning algorithms

are described below:

e General Path Planning. The airspace is discretised into a grid based on the sector
structure, and an A* algorithm is used to determine the shortest path. Path cost is
composed of three components in addition to travelling distance: a segment score according
to their workload during the planned path, crossing score based to minimise crossings
between segment, and link occupancy based on the number of trajectories utilising the
network link. This stage does not consider conflict avoidance, but instead routes the

vehicle towards low congestion areas.

e Detailed Trajectory Optimisation. A tree-based algorithm with dynamic collision
detection (which considers 4D routes of other vehicles) is used to design non-conflicting
trajectories. Biased-sampling is used to discourage travel in proximity to sector boundaries.
Additionally, each waypoint p is associated with a coordinate set and a heading angle,
such that for any waypoint p = z,y,¢. The new framework is used to connect each
state using Dubins Paths assuming two flight segments: straight segments, and radius-
fixed (RF) segments connecting the fly-by waypoints developed by the algorithm in
accordance to PBN (ICAO 2009). The Dubins-curve developed can be of two forms: CSC

(Curve-Segment-Curve) or CCC (Curve-Curve-Curve) as shown in Figure 6.5.
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(a) CSC curves (b) CCC curves

Figure 6.5: Dubins trajectory types. The blue line indicates the centre-line such that the
distance to each border is 2 RNP. In RF, b = r + 2RNP and a = r — 2RNP.

6.3.2 Heuristic Approach

The generation of potential conflict-free paths is performed using a custom-exploring tree
algorithm (refer to Algorithm 5). As described in Section 6.3.1, the approach contains two
levels: an A* algorithm that returns a feasible corridor that serves as an input for the lower
layer, a local search Random Tree that generates a detailed trajectory of greater resolution.

Rapidly-exploring Random Trees (RRTs) were first developed by LaValle (LaValle 1998).
Commonly, they commence by generating a random state z, and the closest node z,, to z,
is found. A new node z; is generated at distance 7y, from z, in the direction towards z,.
Provided the link between x,, and x, contains no collisions, z, is added to the node tree.

Our approach deviates in some key ways from its basic form. Our algorithm first selects
the available node that is closest to the destination z,. A set of step nodes at distance 7y, is
generated using random bearing angles that are kinematically feasible, from which the best is
selected and added to the tree. In the case all step nodes are in conflict with an obstacle, the
current node is added to a conflict list C', and the tree reverts to a previous state and seeks an
alternate route to by-pass the obstacle.

Among the differences with the basic RRT approach, our algorithm considers kinematic
constraints limiting UAV flight given constraints (6.34-6.36). In particular, vehicles are limited

on their yaw rate by "gbmm, and pitch rate Y4z
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Next, the explorable area is delimited by the corridor generated by the General Path Planner.
Thirdly, while the closest node x,, is found using Euclidean distance, we connect the candidate
node s to the existing tree using battery consumption evaluating factor based on equations
(6.23-6.27) as shown in Select Best procedure.

Finally, the algorithm considers multiple options for path extension at every step, providing
each with a score based on their proximity to obstacles and destination expressed by (6.37).
The unselected paths are kept in memory in case the algorithm has to revert to a previous state.

This may occur if conflict cannot be avoided from its latest position.

F, = _(xd - xn)Q + (?Jd - yn)2 + Z((xo - xn)2<y0 - yn)Q) VneN (637)
ocO
£y
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Algorithm 5 Random Tree

1:
2:

11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:

23:
24

25:
26:
27:
28:
29:

function MAINRT 30: function SELECTBEST

Input: origin node z,, destination node z4, 31:

vehicle v, maximum iterations 6, step radius rgtcp,

Input: current node z,, step node list X,
vehicle v, obstacles O

neighbour radius r,, obstacles O 32: Output: step node g
Output: path p 33: for z, in X, do
U =List(z,) 34: cost ¢ «—CalculateBatteryUse(zy, z,,v)
C =List() 35: distance d <—CalculateDistance(x,, z,)
for iteration 7 in 6 do 36: if d > r,, then
xy +SelectCurrentStep(U, x4) 37 continue
x5 <CreateStepNodes(x¢, T'step) 38: end if
if IsEmpty(z;) then 39: if KinematicallyInfeasible(z,,,x,,v) then
continue 40: continue
end if 41: end if
xp +SelectBest (g, 24, O) 42: if CheckObstacles(x,.,O) then
if InConflict(z;,) then 43: penalty P < CalculatePenalty(x,., O)
2y, Ci <Revert(C, U, xy,1) 44: end if
end if 45: if ¢z, <c+p+dthen
U.Add(z.) 46: continue
if IsGoalReached(z., z4) then 47: end if
break 48: step node =z, = z,,
end if 49: end for
end for 50: return z;
return p < ExtractPath(U) 51: end function

end function

function CREATESTEPNODE

Input: current node x,, random r, vehicle v,
step radius rgep

Output: step node x,

pitch v +GetPitch(r, v)

bearing v < GetBearing(r, v)

return z, <GetNode(z,, Tstep, ¥, )
end function

6.

4 Results and Discussion

The algorithms developed in this section are applied to a selection of tests to ensure their

usability in large problem instances. Three tests are carried out:

1. Trajectory planning tests under static obstacle and dynamic obstacles.

2. Airspace clustering model

3. Simulation of a response operation to monitor the algorithm runtime of the proposed

algorithm under large drone networks.
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6.4.1 Path Planning Results

We test our path improvement algorithm in a 50 x 50km? area under four conditions: in the
presence of a static obstacle, multiple static obstacles a dynamic obstacle, and static and

dynamic obstacles.

Static Obstacle Avoidance

The first static obstacle scenario considers the movement of a drone between (6,16) and (39,39),
with an obstacle of radius 5km positioned at (22, 30). Figure 6.6a, ¢ and e show the 3D
trajectory, top-down view of the trajectory and distance to the obstacle.

Figure 6.6¢ shows that the path lies within the corridor provided and avoids the obstacle
region successfully, as the safety distance to the obstacle is always maintained.

The algorithm is then tested using multiple obstacles. The starting and ending coordinates
are kept the same, but instead three obstacles at (27,21), (11,24) and (29, 37) are created, with
safety radius of 10, 5 and 5 km respectively. The solutions are depicted in Figure 6.6b, d and f,
which show the 3D trajectory, top-down view of the trajectory and distance to the obstacle,
respectively.

Despite the increase in airspace complexity, the algorithm creates a feasible trajectory
between the obstacles, always maintaining the required safety distance. Note that Figure 6.6f
shows the safety distance requirement of the closest obstacle, hence the sudden increment of 5
to 10 km at around 10 min time stamp.

The path planner has successfully generated conflict-free trajectories under static obstacles.

Hence, we carry out experiments that include dynamic obstacles next.

Dynamic Obstacle Avoidance

For these tests, it is assumed that the obstacle moves from (21, 30) to (20, 48) and the main
vehicle must traverse from (3, 40) to (38, 40). Both consider a safety distance of 1 km between
the vehicle and the moving obstacle to facilitate visualisation. A top view is provided at different
time steps in Appendix D.

In the first scenario, the UAVs successfully avoids incoming targets while minimising deviation
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from the optimal path and stay within the provided corridor. The minimum distance observed
between the vehicles is 2.5 km, which is sufficient in this example. It is assumed as well that
information regarding the other obstacles trajectory is known. Results are presented Figure
6.7a, ¢ and e, showing the 3D trajectory, top-down view of the trajectory and proximity to the
obstacle.

In the second scenario, two additional static obstacles are located at (16,41) and (27, 34)
with safety radius of 5 and 4 km respectively. In this case the vehicle still successfully finds
de-conflicted trajectories for the vehicles that share the same volume. In this particular instance,
the minimum safety distance is reached 15 min after vehicle 1 takes off.

The results show that the trajectory planner produces feasible trajectories for UAVs in
the presence of static and dynamic obstacles. We then proceed to evaluating the airspace

segmentation algorithm in the next section.

139



CHAPTER 6. SEQUENTIAL REAL-TIME PATH PLANNING FOR UNMANNED AERIAL
VEHICLE FLEET MANAGEMENT

—— Vehicle 1 —— Vehicle 1

20
30 10
Xtk 40
500
(a) 3D single obstacle trajectory. (b) 3D multiple obstacle trajectory.
50 50
40 40
— 301 _ 301
£ £
=) =)
> 20 > 20
101 B Vehicle 1 101 B Vehicle 1
I Obstacle I Obstacle
0 T T T T 0 T T T T
0 10 20 30 40 50 0 10 20 30 40 50
X [km] X [km]
(¢) Top view single obstacle trajectory. (d) Top view multiple obstacle trajectory.
204{ —— Distance to static obstacles 111 —— Distance to static obstacles
18 Safety distance to closest static obstacle Safety distance to closest static obstacle
1 10 - ‘
\
— 16 — |
£ £ 99
214 = ‘
@ [
v} v 8 ‘
= 12 =
B B |
] Y]
o 10 o 71
8 64
6_
5,
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Time [min] Time [min]
(e) Distance to single obstacle. (f) Distance to multiple obstacles.

Figure 6.6: Static obstacle results.
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Figure 6.7: Dynamic obstacle results.
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6.4.2 Airspace Segmentation Results

The algorithm developed in this section is applied to the Nanto County network, adapted from
the 1999 Chi-Chi earthquake. For convenience, the network is shown in Figure 6.8. We generate
a set of trajectories based on a hypothetical aerial relief response to the Chi-Chi earthquake
(Escribano Macias et al. 2020). The final network, including node demand, is presented in Table
5.6.

We employ the RNP categorisation developed by Ren, Castillo-Effen, Yu, Johnson, Yoon,
Takuma & Ippolito (2017) and assume 30 RNP conditions during cruise, and use Sun et al.
(2018) to determine RNP requirements during VTOL. Therefore, the response takes place under
120m minimum lateral separation requirement between each vehicle in cruise.

Before applying the sequential trajectory optimisation algorithm to the response operation,
we derive suitable PSO parameters using manual tuning. Informed by previous studies Trelea
(2003), Paterlini & Krink (2006), we test the following parameter ranges: inertia n = [0.4, 1],
population size N = [100], maximum velocity V... = [5] X N and bias values w; = [0.4, 1.5]
and we = [0.4, 1.5]. The results are summarised in Appendix D.

Each value combination is run twenty times and average fitness values are gathered, assuming
the following objective function coefficients: 7, = 1, 75 = 1 and 73 = 1. Our analysis shows that
optimal values for PSO are n = 0.4, p = 0.6, s = 1.

Table 6.3: Segmentation Algorithm Results.

Model Crossings Aircraft Count Flight Time Fitness
(-) Avg (-) Dev (-) Deviation (min) (-)
Proposed Approach 5,545 1,546 1,774 4.969 20.7
Genetic Algorithm 7,988 1,813 1,795 4.040 23.7
K-means 9,844 2,026 1,608 2.677 25.3

We compare the results from the PSO with a Genetic Algorithm, and a K-means approach
that solely seeks to optimise the position of the voronoi centroids. The visual discretisation is
shown in Figure 6.9, with detailed results shown in Table 6.3. The results obtained are the best
solution of the twenty repetitions carried out in the experiment. The proposed methodology
provides significant improvements in workload reduction and balance.

Firstly, the heuristic lowers sector crossings, reducing workload as the sequential trajectory
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Figure 6.8: Nanto County Map, with the relief locations indicated with a blue icon, and depots
shown in red.

optimisation executes when vehicles enter a new sector. Additionally, both average aircraft
count and average variance are lowered, resulting in improved workload balance between the
sectors. Given the relationship between workload and sector aircraft count is exponential,
reductions in maximum vehicle counts lead to substantial runtime accelerations. Finally, despite
the reductions in aircraft count and crossings, the flight time variance increases in the PSO
compared to the GA and K-means, suggesting that vehicles spend longer time in clusters with

less traffic.

6.4.3 Sequential Trajectory Results

We now evaluate the performance of the sequential trajectory optimisation algorithm given a
routing schedule created using the algorithm developed in Escribano Macias et al. (2020). We
run the dynamic airspace model under three re-segmentation decision times t; = 480, 980, 1440
minutes and three vehicle fleet sizes V' = 25, 30, 35, with results presented in Table 6.4.

It is expected that increasing re-segmentation frequency results in longer algorithm runtime.

However, for different vehicle fleets, this relationship varies. This is a result of demand variation
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(a) Proposed method (b) Genetic algorithm (¢) K-means clustering

Figure 6.9: Segmentation solution for static demand case.

during the mission, resulting in increased crossing requirements and higher sector aircraft count
number, which are both the greatest factors contributing to algorithm runtime.

Algorithm runtime decreases with higher re-segmentation times, as it allows less frequent and
shorter trajectory optimisations. However, for 960 and 1440 re-segmentation times, the runtime
slightly increases or plateaus, suggesting that the benefits of re-structuring do not overcome the
overhead costs of running the airspace segmentation algorithm. In terms of mission parameters
(mission completion, inter-arrival time and flight times) varying the re-segmentation time has
little effect.

We compare the results of our dynamic airspace segmentation (DAS) model with a single-
segment (SS) solution, which assumes no airspace segmentation, similar to the conditions
assumed in Escribano Macias et al. (2020). The results are summarised in Table 6.4. Under
all fleet sizes, inter-arrival and drone flight times marginally increase when no segmentation
is carried out, leading to mission completion time increments of 3-4 hours (2-3% compared to
DAS).

The largest improvements are seen in algorithm runtime, where the proposed method accel-
erates the algorithm by approximately 10 hours or 30%. The reduction in relative acceleration is
a result of the larger problem size, leading to slower segmentation and smaller airspace demand
variation. It was expected that the sequential improvement algorithm would result in marginally
sub-optimal results given its discretised nature. However, the results have proven clear benefits

with minimal drawbacks.
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Table 6.4: Humanitarian response with segmentation. A total of 19,800 kg were delivered.

Segmentation Completion Inter-arrival Flight Time Number Flights Runtime

UAVs Freq. (min) (hr) (avg-min) (avg-min) - (hr)
480 113.0 14.3 9.8 16169 4.5

95 960 113.8 14.4 9.8 16251 29
1440 114.1 14.4 9.9 16250 3.5

5SS 117.4 14.9 10.1 16253 15.6

480 98.2 12.1 9.9 16343 4.6

30 960 97.4 12.1 9.9 16341 3.1
1440 97.5 12.1 9.9 16341 3.3

SS 100.3 12.7 10.2 16342 14.7

480 84.8 10.1 9.8 16157 5.1

35 960 85.1 10.2 9.8 16157 3.5
1440 84.6 10.1 9.7 16157 3.5

5SS 86.0 10.8 10.1 16157 15.2

6.4.4 Discussion

Our analysis has shown that our sequential trajectory planning procedure provides important
improvements in terms of algorithm workload with minimal effects on solution optimality. Other
advantages of the approach is the ability to isolate problematic areas due to communication
errors, weather or prohibited access.

Some barriers still limit implementation. While the proposed algorithm considers UAV safety
volume boundaries based on RNP, it is assumed that within the airspace segment the flight
information of other obstacles is known. This deviates from reality in three key ways.

Firstly, it assumes that vehicles will communicate their entire planned trajectory or intent,
which may not be desired by users. As drone regulations and supporting infrastructure is still
under development, it may become standard to share this information widely. Platforms already
exist in the form of Unifly or AirMap that aim to manage unmanned air traffic that have access
to this information and can share it widely (Unifly 2019).

Secondly, the algorithm does not consider deviations once the final flight plan is established.
To reduce the impact of this assumption, a corridor volume is provided to UAVs that allow them
to modify their route in the presence of unexpected obstacles. UAVs, therefore, require sense-
and-avoid capabilities for BVLOS to detect these obstacles. The creation of the sense-and-avoid

mechanism is outside the scope of this study.
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Finally, the sequential trajectory algorithm proposed follows RNP and PBN regulations as
discussed in Chapter 3. However, further testing is required to determine the appropriate RNP
for humanitarian missions. This requires measuring the trajectory performance in terms of
accuracy, integrity, availability and continuity, and incorporating the errors that emerge during
UAV flight. Further modifications may be required in the case of upcoming UAV-specific law,
which may include the provision of contingency volumes and alternative landing areas in the
case of partial failure.

Improvements can be made by carrying out flight tests outside the simulation environment,
which would require to integrate the software with communications and vision hardware. In
terms of application, more complex environments that consider variable demand over time,

parallel humanitarian operations (search and rescue, for instance) can be implemented.

6.5 Concluding Remarks

Organisations are increasingly investing in developing UAV for on-demand commercial trans-
portation and humanitarian response. However, current modelling approaches consider the
existence of a static pre-defined network. This method is not applicable when new obstacles
emerge, or in the case where the network structure changes during deployment, which may be
the case in operations where initial data is uncertain, such as humanitarian missions.

To this effect,we present a novel dynamic trajectory planning algorithm that uses a Hybrid
K-means Particle Swarm Optimisation metaheuristic to re-structure airspace segments and a
custom sequential trajectory planning algorithm that determines battery-efficient collision-free
paths. Our analysis suggests that the method significantly improves algorithm run-time with
minimal loss of optimality compared to existing heuristics.

While there is a record of permitted BVLOS deployments, their approval rate is low and
require long waiting time. As an example, the FAA currently approves 10% of their applications,
with a mean response time of 30 days (Rochon et al. 2018). However, FAA and EASA aim to
accelerate BVLOS operations approval without jeopardising airspace safety. Besides, WFP is

developing coordination mechanisms for the fast, safe and regulated deployment of UAVs in

146



CHAPTER 6. SEQUENTIAL REAL-TIME PATH PLANNING FOR UNMANNED AERIAL
VEHICLE FLEET MANAGEMENT

humanitarian contexts.

The approach discussed in this chapter plans aircraft trajectories through optimal airspace
management. Current limitations of the algorithm include the assumption of no unfavourable
weather conditions, which could be isolated in separate sectors using the presented sectorisation

framework. In addition, the model does not consider the presence of other aircraft types.
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Chapter 7

Endogenous stochastic optimisation for
relief distribution assisted with

Unmanned Aerial Vehicles

This chapter has been adapted from the following publication: Escribano J, Goldbeck N, Hsu PY,
Angeloudis P, Ochieng W (2020). Endogenous stochastic optimisation for relief distribution
assisted with Unmanned Aerial Vehicles. OR Spectrum 42, 1089-1125.

The previous chapters have outlined the planning and operation of UAV for disaster relief
delivery. The limitations of UAV in terms of payload capacity make them ideal to transport
small and high value material, like medicine or high caloric value food to areas with limited
accessibility. However, the bulk of the relief is still delivered using road-based transportation.
For this reason, damage analysis and assessment have been the focus of humanitarian
organisations and researchers alike (Bravo & Leiras 2015). The small weight, easy transportation
and high data quality of UAVs provide a unique opportunity for respondents to collect and
assess infrastructure damage during disaster response operations. A recent example is the 2016
Ecuador earthquake, where UAVs were deployed days after the disaster to assess road damage
and provided essential data to the Ministry of Transport and National Secretariat for Risk

Management, informing their relief routing decisions (DuPlessis 2016).
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Despite successful pilot applications and technological improvements, some barriers remain
for the widespread use of UAVs for post-disaster damage assessment. For instance, image
processing and analysis are still notably time-consuming, as exemplified during the 2016 Ecuador
deployment, where processing the survey results required 12 to 24 hours of continuous effort
(FSD 2016).

For an efficient use of the limited human and technological resources available in the
immediate aftermath of a disaster, UAV deployments must be prioritised when and where they
provide the most benefits for the affected community, including the assessment of damages
to key infrastructure and the estimation of the population needs that ensure the provision of
precise and rapid response. Moreover, flight times should be minimised given energy shortages
and safety risks (risk of injury due to malfunction, vandalism, for example) in humanitarian
settings (Van Wassenhove 2006, Van Wassenhove & Pedraza Martinez 2012, Meier et al. 2016).
Overall, this necessitates the development of bespoke modelling approaches that determine the
optimal time and location for road damage data collection, considering cumulative knowledge
and informing future relief distribution decisions.

The literature review presented in Section 7.1 reveals that the problem of UAV-based network
assessment and relief distribution is yet to be formulated and solved simultaneously. Moreover,
existing optimisation methods assume deterministic or exogenous stochastic conditions.

To address this gap, this chapter presents a mathematical optimisation problem for the
provision of humanitarian relief supported by UAV-based damage assessment. The problem
formulation presented assumes that the extent of damage to the road network is uncertain,
with UAVs deployed to survey the network and reduce the uncertainty related to vehicular
travel times and travel costs. Simultaneously, ground vehicles are routed through the network,
delivering relief cargo.

Therefore, the problem is defined as endogenously stochastic, where the uncertainty in the
network depends on the routing decisions of UAVs and ground vehicles. A greedy sequential
solution algorithm and a metaheuristic (a Genetic Algorithm) are presented to determine optimal

routing itineraries at discrete time steps. Thus, the contribution of this chapter is threefold:

1. To the best of the authors’ knowledge, it is the first to formalise an optimisation problem
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to model the UAV-assisted endogenous stochastic travel time relief distribution. Therefore,
it proposes a metric to quantify the benefit of integrating UAV road assessment with

humanitarian response.

2. A greedy exact solution procedure is proposed. However, additional simplifications are
required to ensure reasonable runtime due to its high complexity. A relaxed version of
the problem is solved using a meta-heuristic, which is generalised and can solve multiple

problem instances.

3. It demonstrates the solution methods’ applicability by solving a realistic case study adapted
from the 2010 Haiti earthquake. The results show that important benefits are obtained

when introducing UAVs in humanitarian response operations.

We analyse the current literature in Section 7.1, followed by the mathematical model defined
in Section 7.2. The solutions methods described in Section 7.3 are applied to a numerical
case study focusing on a hypothetical response to an earthquake based in Haiti in Section 7.4.

Conclusions and recommendations for future work are provided in Section 7.5.

7.1 Current Methods for Road Damage Assessment

The following section presents an overview of the current research on endogenous stochastic
optimisation methods and humanitarian relief optimisation models that consider road network
damages or accessibility. Despite the two aspects being related, no study thus far incorporates

both of them simultaneously. As such, the review analyses the state-of-the-art separately.

7.1.1 Post-disaster relief optimisation

This review focuses on studies that optimise the routing decisions of relief distribution or
network repair vehicles. Generally, these decisions are captured by the Vehicle Routing Problem
(VRP), which models vehicle capacity constraints, stochastic demand and travel time. Duque
& Sorensen (2011) developed a greedy randomised adaptive search procedure for allocating

engineering resources to repair road networks. A similar problem instance is solved by Aksu &
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Ozdamar (2014), who presented an Integer Programming (IP) model relaxing the VRP to a
path-based algorithm by ignoring travel times.

The ”debris removal problem” is further studied by Sahin et al. (2016). A recursive Mixed
Integer Linear Programming model (MILP) is developed to maximise the cumulative network
accessibility whilst minimising clearing time. Similarly, Akbari & Salman (2017) conceived an
exact MILP model to generate a synchronised road clearing schedule for multiple engineering
teams. Kim et al. (2018) adopted a MILP model to minimise the weighted sum of total damages
and the completion time while considering time-dependent damage characteristics.

Balcik et al. (2008) proposed a two-step approach to solve the relief distribution problem.
Their method generates vehicle routes using the Travelling Salesman Problem (TSP) formulation
in the upper level and vehicle itineraries in the second step. Ozdamar (2011) incorporates
evacuation and refuelling considerations to the relief distribution problem. The proposed
algorithm relaxes the VRP problem to a static integer flow formulation, significantly improving
its runtime. Vahdani et al. (2018b) conceived a two-phase, multi-objective, multi-period and
multi-commodity mixed integer programming model which locates the distribution centres and
plans vehicle routes.

The combined problem of relief distribution and network repair has been studied by Yan &
Shih (2009). The proposed multi-objective MILP model is capable of planning emergency road
repair operations and the subsequent relief distribution deployments for multiple commodities
simultaneously. Ransikarbum & Mason (2016) developed a Goal Programming-based (GP)
multi-objective integrated response and recovery model that optimises network recovery and
relief distribution simultaneously. Finally, Li & Teo (2018) conceived a multi-period bi-level
programming model to optimise road repair and relief optimisation. They employ a genetic
algorithm to maximise relief delivery quantity and network accessibility.

The algorithms reviewed share limitations relating the disregard of partial damages and
assumption that repair times and the extent of the damages are all known. To consider the
latter, stochastic optimisation algorithms must be developed.

In this case, the source of uncertainty plays an important role in the formulation and solution

method. Exogenous stochastic algorithms focus on problems where uncertainty emerges from
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sources unconnected to the choices of the decision-maker, while endogenous stochastic problems
consider uncertainty changes based on the choices of the user. The review will explore the

developments in both types of problem in the next sections.

7.1.2 Exogenous stochastic optimisation

During the time period immediately after the disaster, the state road network is uncertain
and should be assessed before planning debris removal or supplies distribution. Many studies
consider these uncertainties by adopting the two-stage stochastic programming (2SP) modelling
technique for depicting the post-disaster humanitarian logistics response under an uncertain
demand of relief supplies.

Most studies reviewed that consider exogenous stochastic conditions fall under the Hub
Location-Allocation Problem (HLP). In our review of HLPs in Section 2.5, we highlight Rawls
& Turnquist (2012), Bozorgi-Amiri et al. (2013), Bozorgi-Amiri & Khorsi (2016) as relevant to
this section. Van Hentenryck et al. (2010) focused on large scale disaster relief and recovery
optimisation modelled as a single commodity allocation problem. A similar framework is
presented considering multiple commodity types by Tofighi et al. (2016).

Several studies solve the on warehouse location-demand allocation problem, with particular
focus on hurricanes (Rawls & Turnquist 2012, Pacheco & Batta 2016), earthquakes (Mete &
Zabinsky 2010), and floods (Garrido et al. 2015). Noyan (2012) studied risk-adverse location-
allocation optimisation instead of common risk-neutral problems, while Bozorgi-Amiri et al.
(2013) presented a multi-objective robust stochastic programming problem considering uncertain
demand, supply, cost and transportation.

The common goal of the established stochastic models is to minimise the total expected cost
among all possible scenarios. The operation cost generally consists of ordering and shipping
costs, and a parametric penalty in case of shortages under extreme scenarios.

The optimal logistics configuration in almost all the studies was identified by obtaining
the exact solution to the 2SP model through an optimal solver. The reason for adopting the
optimisation solver is that only a reasonable number of possible scenarios were derived from the

adopted case study and the probability of a scenario s occurring is independent of the decisions
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made in the previous time steps. In other words, the uncertainty was not defined as endogenous.
In addition, it is worth mentioning that the calculation of transportation cost in most of the
previous studies only considered the shipping quantity, instead of evaluating the uncertain road

condition which may have a prominent influence toward the punctuality of the delivery.

7.1.3 Endogenous stochastic programming

The following section explores the research that focuses on endogenous stochastic problems,
where the decisions directly affect the level of uncertainty (Jonsbraten 1998). This includes
studies that consider the fluctuation in road condition as another major source of uncertainty
during the modelling process.

Khaligh & Mirhassani (2016) solved a single-vehicle routing problem with stochastic demands,
where the actual demand of a customer is revealed only once the customer is visited. Considering
the problem of hospital operation room scheduling, Hooshmand et al. (2018) developed a
genetic algorithm to solve the endogenous time-stochastic scheduling problem. Vayanos et al.
(2011) studied the production planning problem in offshore oil fields considering endogenous
uncertainties.

Nohadani & Sharma (2008) conceived a generalised robust linear optimisation model applied
to a shortest path problem. The algorithm considers arc lengths to be stochastic and affected
by routing decisions. Similar research has been carried out by Boyles & Waller (2010), who use
a minimum cost flow problem.

On another thread, several researches have focused on reducing the number of non-anticipativity
constraints (NACs) in multi-stage stochastic programming models with endogenous uncertainties.
The methods adopted included sequential scenario decomposition heuristics and Lagrangean
decomposition (Gupta & Grossmann 2011, Apap 2017).

The studies analysed above focus on the reduction of NACs, which grow exponentially in size
with larger problem instances. In practice, the algorithms developed are applied to scenarios
that deviate significantly to our own.

Only Khaligh & Mirhassani (2016), Nohadani & Sharma (2008) and Boyles & Waller (2010)

study the VRP or similar formulations, while others focus on scheduling problems. However,
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Khaligh & Mirhassani (2016) solved the stochastic demand VRP, and used simplifications based
on vehicle payload to reduce the scenario tree. Travel time is modelled as a stochastic parameter
by Nohadani & Sharma (2008) and Boyles & Waller (2010), but both studies propose a static
problem where variable uncertainties do not condition future decisions.

Thus, an important contribution of this chapter is the proposal of a mathematical formulation
for the time-discretised endogenous stochastic travel time multiple VRP, assisted with aerial
assessment. A unique aspect of our work is that both agents (UAV and truck) are capable
of reducing network uncertainty. The above research was consulted when formulating the

mathematical model presented in the next section.

7.2 Model Description

The model presented in this section captures the key decisions at the operational stage of
humanitarian relief distribution in the aftermath of a natural disaster. The distribution of relief
is carried out by ground vehicles assisted by UAVs, which assess the damage of the network.
The objective is to reduce operational costs of delivering cargo by optimising UAV and ground
vehicle routes over the mission time horizon. Note that the operational costs are calculated
based on the vehicle travel times, such that a reduction in costs leads to a reduction in mission
time.

A graph G, = {V, E,} composed of nodes V and edges FE, represents the road network
connecting urban settlements. It is assumed that the road network has been subjected to
damage, the degree of which is stochastic at the mission start. This stochastic component relates
to each edge 15 € F,, modifying the travel time and travel cost of the link. In this problem, we
consider a time horizon that is represented as a discrete set of time periods ¢ such that ¢t € T'.
The stochastic component is time independent.

At every time step, UAVs are deployed to collect information on the road network, revealing

the actual cost associated with damages of the network. The UAV exploration is captured by

¢,

i;» indicating that a link is explored at time step ¢; if bfj =1 and

the binary decision variable b

bﬁj =0 Vt < t;. A scenario tree s € S captures all the potential routing options of the UAV.
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Figure 7.1: Truck and UAV routing example. A dashed line indicates an unexplored link, a
gray line determines that the link has been explored when the vehicle is being routed, while the
green and blue indicate the route followed by the drone and the truck respectively.

Note that UAVs are assumed to operate in Beyond Visual Line of Sight (BVLOS) conditions
in spite of current drone regulations disallowing them to do so without prior clearance (Stécker
et al. 2017). However, UAV deployments have been permitted previously for road damage
assessment in Ecuador and, at time of writing, WFP is collaborating with national authorities
to develop regulations for humanitarian UAV deployments (DuPlessis 2016, Vornic 2017).

After the UAV is deployed at each time step, cargo vehicles traverse GG, transporting relief
to every demand node Vi € N. Given common post-processing and analysis related to UAV
damage assessment (FSD 2016), it is assumed that explorations at time step ¢; inform routing
decisions at time steps ¢ > t;. This behaviour is shown in Figure 7.1, where a drone is deployed
at time ¢ = 0, and the information gathered by that drone is available for routing at ¢t = 1.

We adopt the following modelling assumptions:

Assumption 7.1: Ground and aerial vehicles must return to the depot at the end
of the time step. A time step t corresponds to a single UAV and truck journey. While the
UAV is assumed to be deployed before the truck, we cosider that flight preparation, battery
recharge, data consolidation and analysis take place during the same time step. This assumption
is based on current case studies that require several hours to collect and analyse UAV data
(DuPlessis 2016, FSD 2016). Consequentially, it is also assumed that the UAV battery is fully

charged before each deployment.
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Assumption 7.2: Average vehicle speeds are related to the Modified Mercalli In-
tensity (MMI). The MMI is a standardised measurement of the ground movement intensity.
Hence, it is assumed that areas with greater ground movements are exposed to more severe
damages, and lead to slower average vehicle speeds. At the start of the mission, respondents
have no knowledge of the extent of link damages or the MMI score, thus assuming an average

vehicle speed vg4-

Assumption 7.3: Vehicle speeds are normally distributed. Variations in spot velocities
are commonly modelled using normal distributions (Adeke et al. 2018, Naidu 2019). This model
assumes that the same standard deviation occurs regardless of damage, but the distribution
mean of each link is calculated based on Assumption 7.2.

The model presented requires two graphs G, = {V,E,} and G, = {V, E4} as inputs.
The former represents the road network, and contains information on the deterministic pre-
disaster transport travel time g;;, deterministic damage travel time contribution d;;, and
stochastic damage time contribution cZ” G4 forms a fully directed graph that the UAV uses
to traverse through the network. Edge set Ey contains information on the flight times f;; and
the approximate battery consumption g;;, defined as percentage battery use. Vehicular payload

capacity and node demand compose the remaining required inputs.

7.2.1 Mathematical formulation

Table 7.1: Variable, parameter and index definitions

Indices Sets
1,7 = nodes E = arc set
t = time step T = time step set
s = scenario S = scenario set
k= wvehicle/drone K, = vehicle set
K, = drone set
\%4 = vertices
D = depots D CV
N = demand nodes N C V
Parameters Variables
fij = fight time from 4 to j [hours] w7}, = Boolean: indicates drone k

explores link from ¢ to j
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e;; = exploration time from i
to j [h]

gij = travel time from ¢ to j [h]

¢ij = battery consumption from
itoj[-]

d;; = damage travel time contri-
bution from i to j [h]

@) = payload capacity [—|

at = demand of node i [—]

p® = scenario probability [—]

v;; = scenario-link relation [—]

¢ = value of time [£/h]

P = demand penalty [£]

Yk = Boolean: indicates vehicle k

explores link from ¢ to j
rot Rt = excess demand at node i

oly. = percentage battery charge
of vehicle k at node j

Wiy = cargo flow from i to j by
vehicle k

b, = Boolean: explored link

u; = Boolean: new link explored
at time ¢

The problem described above is consolidated into a single mathematical formulation. The reader

is referred to Table 7.1 for the definitions of the variables and parameters used in the remainder

of this section. The linearisation of the problem is presented in the Endogenous Stochastic

Research Appendix.

Z = Z uav + Zéxp + Ztrob) (711)
teT
Zztuw = Z xzjkfijc VieT (712)
ijeEkeKy
Zt, =Y uleje VEET (7.1.3)
ijeR
Zois = D 0" D Vgl Zi + Ziny + Zine+ Zh) VEET (7.1.4)
ses ijeEy,
Zh= Y yilgge VteT VseS (7.1.5)
ijeE keK,
Zpo= >yt weT ¥se S (7.1.6)
ijeEkEK,
Zine= Y ymldy(1—b e VteT Vse S (7.1.7)
iJEE kGK’U
Zt: =3 (' + hP VteT Vse S (7.1.8)

2%

The overall objective function is presented in equation (7.1.1), consisting of seven components
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defined in (7.1.2-7.1.8). Equations (7.1.2-7.1.3) describe the two scenario independent objectives:
UAV travelling cost and route exploration cost, respectively. The scenario dependent components
are evaluated in Equation (7.1.4) and are regulated by p* and +;;, indicating the probability for
scenario s to occur and relating the explored link 7 with scenario s, respectively. This approach
allows us to only consider the damage levels of the explored link in the scenarios during truck
routing. As such, the remaining components relate to the costs associated with truck routing.

Equations (7.1.5-7.1.7) calculate the total vehicle routing cost. The deterministic pre-disaster
cost component is evaluated in (7.1.5), while damage contributions are considered in (7.1.6) and
(7.1.7). The former uses a deterministic component based on explored links, while the latter
considers a stochastic cost distribution as the traversed link was not previously explored.

It is important to note that the cost values determined in (7.1.2-7.1.7) are proportional to
the vehicle travel time, as they are calculated using a value of time parameter c¢. Therefore, the
formulation serves as a response time minimisation objective.

Finally, a penalty associated with undelivered demand is proposed in equation (7.1.8). The
undelivered demand is calculated using the slack variables r{* and h$’, and parameter P relates
to the value of life, which serves as a measurement of the social costs related to the response
operation (Holguin-Veras et al. 2013).

The full mathematical problem is described as follows:

Minimise Z (7.2.1)
Subject to:

Y aly=1 VieDVteT VkeK, (7.2.2)
jeVv

dalp <1 VjeV VteT Vke Ky (7.2.3)
eV

2t =0 VieV:igDVteT Vke K, (7.2.4)
doaly+ Y al,=0 VjeV el VkeK, (7.2.5)
eV eV
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0 if jeD
0f), = VjeV vteT Vk e Ky (7.2.6)
ZieV xﬁjk(qij +oh) if j¢D
1> aly(gy+oly) Vi€V VteT VkeK, (7.2.7)
eV
dynt>1 VieDVke K, VteT Vse S (7.2.8)
JEV
ytl =0 Yie NVteT Vse S (7.2.9)
dynt<2 VieVVteT VseS (7.2.10)
JEV
Syt =Dyt =0 VieVVkeK, VteT Vse S (7.2.11)
jEV jev
wit <yiQ VijeEE VteT Vse S (7.2.12)
Z (wj.;fjl . wfjl;;rl) + Tf,t+1 . h:,t—i—l _ af“
jEVikEK, (7.2.13)

VieV VteT Vse S

ul; < > aly VijeEVteT (7.2.14)
keKd

u; = bt —bl, Vije EVteT (7.2.15)
t+1 t -

b >0, Vije EVteT (7.2.16)
Non — Anticipativity Constraints (7.2.17)
ri, =1{0,1} Vije EVke K, VteT (7.2.18)
wi, >0 Vije EVke K, VteT V¥se S (7.2.20)
vin ={0,1} Vije EVke K VteT ¥se S (7.2.21)
0<0, <1 VjeV VkeK, VteT (7.2.22)
ri R >0 VjeV VteT Vse S (7.2.23)

The problem constraints are defined by (7.2.2-7.2.23). UAV movement is controlled by (7.2.2-
7.2.5): constraint (7.2.2) ensures that the UAV starts at the depot, while (7.2.3) limits the UAV

to visit a node once only. Constraint (7.2.4) allows UAVs to wait only at the depot, meaning
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that the UAV may not be deployed if i« = j Vi,j € D. An equal number of outgoing and
incoming UAVs at each node i is defined in (7.2.5).

We limit UAV range based on the battery consumption matrix ¢;;, implemented in (7.2.6-
7.2.7). The variable o), is defined in (7.2.6) and represents the percentage battery consumption
of the UAV k when arriving to node j. A value of 1 indicates that the battery has been fully
consumed, while a value of 0 represents a fully charged battery. The value of oz-k is bounded
to 0 when j € D to replicate its recharging behaviour. Constraint (7.2.7) ensures that battery
levels never exceed their capacity.

Constraints (7.2.8-7.2.13) monitor the vehicle and cargo flows throughout the network, with
(7.2.8-7.2.11) being the truck-equivalent to (7.2.2-7.2.5). Constraint (7.2.8) ensures that the
vehicles start at the depot, (7.2.9) prohibits all vehicles to travel to the same demand node,
(7.2.10) allows only two visits to each node, and (7.2.11) ensures vehicle flow equilibrium.

Constraints (7.2.12) and (7.2.13) monitor cargo flow through the network. The first limits
cargo transportation to vehicle payload, while the second represents the cargo equilibrium
st

constraints considering the slack variables (r;

2t and h"). These variables indicate the quantity

of cargo that remains undelivered at each time step, and are used by the objective component
(7.1.8).

Constraint (7.2.14) ensures that explored link uj; can only be selected if a drone has traversed
said link. The explored link variable bﬁj is updated by (7.2.15), giving ground vehicles access
to the actual link cost as per (7.1.6-7.1.7). Constraint (7.2.16) ensures that an explored link
at time t; remains explored in future time steps t > t;. The Non-Anticipativity Constraints
(NACs) in (7.2.17) are described in detail in Section 7.2.2.

The remaining equations (7.2.18-7.2.23) define the variable boundaries: 2, b

t
ijk> Ui Wij and

t : t t st
Y. are booleans, battery charge o}, is bounded from 0 to 1, and cargo flows w;; and ;" s7”

i 9%

demand variables are positive.

7.2.2 Non-Anticipativity Constraints

The proposed problem formulation reveals actual link damage only if explored by a UAV or

traversed by a vehicle in a previous time step. In other words, the timing of the revealed
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information is decision-dependent, and depends on the available information at the start of the
time step. Therefore, given two scenarios s and §' at time step t, if the information revealed
is the same for s and s’ Vi’ € T : t' < t, the scenarios are defined as indistinguishable. NACs
ensure that decisions made in indistinguishable scenarios s and s’ at time step ¢ remain identical.

The phenomenon is illustrated in Fig. 7.2, which presents a sample scenario tree with three
stages and nine scenarios, where each branch represents the three damage levels of a newly
explored link (based on 3-point approximation of normal distribution). In Fig. 1, all scenarios
s at t = 0 are indistinguishable, illustrating the behaviour of our algorithm. Given that no
damage has yet been assessed and no routing decisions have been made, all scenarios must be

indistinguishable at this stage. Therefore, the NAC at ¢t = 0 is:

a:f]% = xf;,S Vije E Vke Ky Vs,s' €S :5 <s (7.3)
For t > 0, NACs determine both truck, cargo and UAV routing decisions, respectively. By

1,t

referring again to Fig. 7.2, the NAC at ¢t = 1 would state that z! = 22! = 2!

p ik ks as they all

share the same scenario history. In the problem formulation above, the decision depends on

the revealed link damages and unsatisfied demand nodes. For convenience, we define a variable

s,t

220 = 2" 4 b2 that calculates all undelivered demand in scenario s at time step t. The NACs for

t > 0 are defined in equations (7.4-7.6), considering drone, truck and cargo routing respectively.

Gf Y |l — diul |+

ijEB Y ET <t

Z |zf’tn — zf/’t//| =0 then xfj'z = xfj/,f) (7.4)
eV

Vije EVke Ky Vs,s €S:s<sVt,t"eT:t"=t—-1,t>0
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Figure 7.2: Scenario tree example where the normal distribution is modelled using the three-point

estimation method.

(Zf Z |dz] ij df] §]|+

iyeE ' eT t' <t

2 : st 55 N gt
|Zi | 0 then yzyk yzgk)
%

Vije EVke Ky Vs, s €S:s <sVt,t"eT: t"=t—-1,t>0

(Zf Z |d13 ij _dfj z]|+

ijEBYET <t

st 55 I st
E |2; | =0 then wwk wijk,)
i€V

Vije EVkec Ky Vs, s €eS:s<sVt,t"eT:t"=t—-1,t>0

7.3 Solution Method

Exact solution methods of the full scenario tree and NACs result in an exceedingly large problem

size even for small instances. Equation (7.7) shows how the number of variables N relate to

the number of time steps 7, edges &, vertices V, scenarios S, drones K4 and ground vehicles

K,. In turn, the number of scenarios equate to the total number of possible combinations of
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link damages at each time step as defined by equation (7.8), where n indicates the number of
link damage levels. As it can be observed, the number of scenarios increases non-linearly as the

network size increases (number of links), and hence quickly becomes unsolvable for exact solvers.

N =ET2+K;+2K,S)+VT(1+2S) (7.7)

where S = n® (7.8)

The formulation of the proposed problem instance is similar to a Time-Dependent Vehicle
Routing Problem (TD-VRP), where the aim is to assign vehicles to a route to minimise total
distance travelled. The problem is NP-complete, as it is a generalisation of the Travelling
Salesman Problem, so any exact solution method is unscalable, and is not applicable to realistic
problem instances.

Previous research relies on heuristics and meta-heuristics to overcome the scalability issues of
exact solution methods for the TD-VRP (Gendreau et al. 2015, Kok et al. 2012) and multi-stage
endogenous stochastic problems (Gupta & Grossmann 2011, Hooshmand & MirHassani 2016,
Hooshmand et al. 2018, Apap 2017). Thus, the pursuit of exact solution for these kinds of
problems is unfeasible within acceptable computational time and resource. Therefore, we
propose two solution approaches: a greedy sequential method presented in Section 7.3.1, and a

meta-heuristic described in Section 7.3.2.

7.3.1 Sequential algorithm

We reduce the number of variables to consider by using a greedy sequential model, solving each
time step t € T sequentially. A workflow of the model is presented in Figure 7.3.

The process commences by generating an initial problem instance with randomised network
damages s,. An exact optimisation solver is used to optimise the routing decisions that minimise
the objective function (7.1.1) for ¢ = 0. The resulting drone and truck routings are used to
update the network demand and network damages in order to carry forward the information

gathered at ¢ = 0. The process continues with increasing values of ¢ until all demand is delivered.
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Figure 7.3: Sequential algorithm workflow

The proposed solution ensures that at each step ¢; the exact solver minimises the operational
cost given the cumulative knowledge gathered for ¢ < ¢;. However, the main problem of the
sequential method is that it ignores potential future decisions for ¢ > ;. Thus, the greedy
decisions made at t;, while optimal for the proposed time step, may result in deviations from
the optimal problem solution.

In exchange for a reduced solution optimality, the greedy sequential model eliminates the
need to implement NACs and reduces the scenario tree complexity. The latter is shown in
equations (7.9)-(7.10), where the number of combinations is dependent on the number of links
£, and the number of explored links per time step B. As a result, the approach considers only a
limited number of explorations at every time step. The potential number of scenarios becomes

quickly infeasible given the total combinations of link explorations.

N =E2+Ks+2K,S) +V(1+2S) (7.9)

where S = €8 +1 (7.10)

Hence, we enforce B = 1, following current UAV range limitations, image post-processing
and data analysis requirements for damage assessment (Soesilo & Sandvik 2016, FSD 2016).
Furthermore, the greedy nature of the approach provides a lower-bound solution of the original
problem. By developing a Genetic Algorithm, we can extend the problem to multiple drones,

vehicles and explorations per time step, as well as eliminate its greedy nature.
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Figure 7.4: Chromosome representation.

7.3.2 Genetic Algorithm

A Genetic Algorithm (GA) is a widely used meta-heuristic developed in the 1970s that employs
probabilistic-based search to explore the solution space (Davis 1991). GAs have been used
extensively to solve the VRP due to its linear scaling with problem size (Karakati¢ & Podgorelec
2015). Its performance level has been shown to be on par with other heuristics and for some
particular problem instances, have provided the best-known solutions ever recorded (Berger &
Barkaoui 2003, Guezouli & Abdelhamid 2017). Therefore, we selected the GA as an appropriate
solution method for our proposed problem.

Five core components govern the behaviour of the GA: solution generation, evaluation,
selection, crossover and mutation. The length of the search, governed by the number of
iterations o, and the population size z alter the optimality level the GA can achieve. The
structure of the components is presented in Algorithm 6.

The generation phase creates an initial solution set. Every solution is then evaluated
using equation (7.1.1), which returns a scalar fitness value indicating its optimality. The
implementation of the evaluation stage is presented in Algorithm 2, which is called by Algorithm
7 in Line 7.

The selection phase determines which solutions are passed down to the next steps. We
propose a modified roulette method that associates a selection probability to each solution based
on their fitness value, such that more optimal solutions have higher probability of being selected.
This allows poorer solutions to be selected in benefit of gene diversity.

Finally, crossover and mutation processes constitute the main solution manipulation methods.
The former combines two solutions, while the latter alters a solution individually. The probability
of occurrence of each process is controlled by parameters p. and p,,, respectively. These

randomised alterations aid the GA to avoid local optima, allowing it to navigate through
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complex search spaces.

Algorithm 6 Genetic Algorithm

Algorithm 7 Fitness Evaluation

1: function GA

function EVALUATION

2: Input: network G, vehicles ny, drones Input: solution s, network GG

ng, generations o, crossover and mutation Output: fitness f

probabilities p., pm, population size z time steps T' < GetMissionTime(s)
3: Output: optimal solution s* discretised mission m < Discretise(s, T')
4: 1=20 f =0
5: s <— Generation(z, ng, nq) for t in T do
6: while i < ¢ G <+ UpdateExploration(m;_1, G)
7 f < Evaluation(s, G) paths p < Dijkstra(m,, G)
8: s <— Selection(s, f) drone cost ¢q <— DroneCosts(m;, G)
9: s < Crossover(s, p.) truck cost ¢; < TruckCosts(my, p)
10: s < Mutation(s, p,) f+=cq+c
11: t=1+1 end for
12: return s* < GetBest(s, f) return f

13: end function

end function

Every solution in the GA contains two integer arrays indicating truck and drone routes
respectively, where each drone and link is given a unique identification value. Assuming that
each demand node has to be visited once, the solutions can be structured as a travelling salesman
problem, where the only information contained is the schedule specifying the route sequence.
Given a maximum payload allowance, the single array is then broken down into the separate
time steps, as illustrated in Fig. 7.4. The same structure is followed in the drone routing, which
determines the links to explore and discretises the route into time steps given a maximum
battery capacity.

While the route followed by the UAV is easy to generate, given that the UAVs traverse a
fully connected graph, trucks are restricted to a pre-defined road network. Therefore, at each
time step ¢, the Dijkstra’s algorithm (Dijkstra 1959) returns the shortest paths for each schedule
using the estimated damage if bﬁj = 0 and actual link damages if bfj =1

The proposed structure facilitates solution generation and manipulation. Truck route
generation consists on shuffling the order of demand nodes, and randomly assigning a node to
each vehicle. A similar process is followed for drone routing generation, albeit not all links need
to be explored.

Crossover selects a starting and ending point in a solution and exchanges the genes between

the points with another solution. Finally, mutation contains generic operations that affect both

166



CHAPTER 7. ENDOGENOUS STOCHASTIC OPTIMISATION FOR RELIEF
DISTRIBUTION ASSISTED WITH UNMANNED AERIAL VEHICLES

drone and truck routing, and specific operations applied to each independently.

The generic mutator operators include: inversion, which inverts the order of the vehicle
route, self-swap, that exchanges two genes of the vehicle route, and intervehicle-swap, which
exchanges a gene with a different vehicle’s of the same solution. Specific to truck routing is a
nearest neighbour operator that re-orders a set of genes by using the nearest neighbour heuristic
given expected cost damages. Drone routing mutation contains insertion and deletion steps
based on the links most traversed by the trucks.

The application of any of the mentioned processes is randomly selected. Each process
contains a probability of activation, namely pn, ps, Pv, Pn, pi and pg for inversion, self-swap,
intervehicle-swap, nearest neighbour, insertion and deletion, respectively. A single operation on

both truck and drone routing is permitted for every mutation process.

7.4 Case study

We demonstrate our approach in a case study based on the road network of Port-au-Prince, the
capital of Haiti. The region has been affected by numerous disasters in its history, and was
subject to one of the deadliest earthquakes ever recorded in 2010 (Government of the Republic
of Haiti 2010).

The case study area contains 25 cities that are interconnected by the highway system,
consisting of 66 uni-directional links (Fig. 7.5). The international airport of Port-au-Prince
represents the only port of entry to the network, and is established as the distribution depot. At
every time step, UAVs and ground vehicles must leave and return to this depot, given constraints
(7.2.2), (7.2.5), (7.2.8) and (7.2.11).

The humanitarian mission consists of delivering materials from the depot to the 25 cities.
It is assumed that a single visit satisfies initial demand necessities, and that payload capacity
limits delivery to two nodes in a single trip.

Vehicles must traverse a damaged network. Where damages are unknown, respondents
assume a velocity 04, = 40. Otherwise, links are assigned an average velocity Vgugamrarr

dependent on the MMI measurements reported by USAID (2010), as shown in Table 7.2. The
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Table 7.2: Model parameters.

Parameter Symbol Value
Underivered Cargo Penalty [£] P 500
Expected Vehicle Velocity [km/h] 0 40
Expected Velocity Deviation [km/h] o 5
Payload Capacity [-] Q 2
Node Demand [unit] a? 1
Value of time [£/h] c 55
Average Speed at MMI 5 [km/h] Vavg,5 60
Average Speed at MMI 6 [km/h] Vavg,6 50
Average Speed at MMI 7 [km/h] Vavg,7 40
Average Speed at MMI 8 [km/h] Uavg 8 30

Average Speed at MMI 9 [km/h] Vaug,9 20
Average Speed at MMI 10+ [km/h]  v4p510 10

selected speeds have previously been recorded in post-earthquake environments (Mas et al. 2012,
Wisetjindawat et al. 2014).

Damaged link velocities are generated using a normal distribution, where the mean of the
distribution coincides with the average velocities shown in Table 7.2. Note that these do not
mean that the vehicle travels at that speed throughout the whole link, but represents the delay

caused by the network damages.

7.4.1 Sequential Algorithm Results

A smaller problem instance was prepared given the limitations of the sequential greedy algorithm
outlined in Section 7.3. The eastern region of the network is evaluated, which consists of 10
nodes and connected by 22 links (refer to Figure 7.6). As an initial test run, we assume a
constant MMI of 7.

We run the computational experiment on a workstation with a 64-bit Intel Core i7-4790 CPU
and 8 GB RAM. Python 3 and Gurobi 8.0 were used to model and solve the algorithm. The
experiment is repeated for 1000 scenarios, where link damages are randomly and independently
assigned using a normal distribution. Each iteration runs in 16 seconds, with some variation.

To provide an insight into the solution structures, we present the routing behaviour of the

worst-case scenario (largest percentage network damage) in Fig. 7.6, with a detailed breakdown
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Figure 7.5: Case study road network in Haiti. Data from OpenStreetMap.

of the routing decisions presented in Table 7.3. Note that each direction of the link is assumed
to be explored separately. To show the information that trucks have access to, we present UAV
explorations at time step ¢ that correspond to UAV deployments at t — 1. In other words, a
UAV deployed at time step 0 is shown in Fig. 7.6 to occur at time step 1.

It can be observed that the UAV collects the relevant information for the vehicle, as in most
cases, the route explored by the drone is immediately utilised by the ground vehicle in the
following time step. The only exception is the use of the UAV to explore link 8-4 at time step
4, which provides an alternate route to enter and exit the depot in case the damage levels of
neighbouring links is too high.

We compare the performance of our algorithm with a deterministic approach, where routing
decisions are made based on expected link costs, with our results summarised in Fig. 7.7. We
observe that the stochastic approach provides significant travel time savings in all scenarios,
with larger differences observed at greater network damages. On average, the stochastic method
provided 25% reductions in truck routing travel time, as well as lower cost variance.

A similar behaviour is shown in Fig. 7.8, which presents the results of a further run carried
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Table 7.3: Route itineraries in worst case scenario. Explored links in every time steps are
highlighted in bold. Node numbers refer to Fig. 7.6

Time step Drone route Truck route

1 PP-KC-PP PP-KC-CB-PP

2 PP-CB-PP PP-CB-GT-FV-GT-CB-PP

3 PP-SG-KC-PP PP-KC-SG-LS-SG-KC-PP

4 PP-CB-KC-PP PP-KC-SG-LS-BA-TT-BA-LS-SG-KC-PP

5 PP-FV-TT-PP PP-CB-GT-FV-TT-AP-TT-BA-LS-SG-KC-PP

—— Stochastic

—— Deterministic
30 +

]
wu
L

Travel Time [hr]
]
=1
!

154

T T T T
40 50 60 70
Percentage Damage

Figure 7.7: Deterministic and stochastic average vehicle routing travel times with network
damage. The shaded region indicates the solution range.

out with and without UAV support, but still considering cumulative network knowledge based
on previous truck routing decisions. In this case, the UAV-supported response also provides
shorter travel times and lower deviations under all network damage configurations compared to

the unsupported relief distribution, with average travel time savings of 20%.

7.4.2 Genetic Algorithm results

The Genetic Algorithm (GA) is developed using Python 3 and executed on the same workstation.
Parameter values of p. = 0.5, p,, = 0.1 and 2z = 100 are used based on the results of manual
tuning, presented in the Appendix. Mutation operator parameters are tuned such that all
operators have the same probability of being activated. The number of generations is kept to
a constant 100. The GA runs without an exploration limit - the UAV is capable of exploring

multiple links in the same time step.
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Figure 7.8: Stochastic average vehicle routing travel times with network damage under UAV
support. The shaded region indicates the solution variability.
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Figure 7.9: Average routing costs with network damage for the sequential greedy and GA
solution methods.
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Figure 7.10: Average energy use by drones for the sequential greedy and GA solution methods.

In terms of total travel time, the GA provides significant performance improvements compared
to the sequential greedy algorithm. Reductions between 10-20% can be observed in Fig. 7.9
depending on network damage levels. The main disadvantage of the GA method is the increased
variability in solutions as a result of its probability-based search. As an example, the GA
provides upper bound solutions at a similar level to the greedy algorithm between 50-60%
network damage, despite the average travel cost being approximately 20% lower.

Fig. 7.10 shows that battery discharge rates increase significantly when using the GA in
comparison with the sequential algorithm. The ability to visit multiple links in the same time
step triples the total battery consumption compared to the greedy case. This is expected, as
logically the exploration of multiple links in a single deployment requires longer flight times,
hence greater battery use than the greedy approach. Similar to Fig. 7.9 the GA algorithm

provides a greater solution variability due to its stochastic nature.

UAYV performance

In this section we compare the performance of the GA with and without UAV assistance. To

achieve this, we define perceived cost as the cost estimation made by respondents to traverse a
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Figure 7.11: Deviation between perceived and actual path cost with and without drone assisted
reconnaissance.

certain path given the cumulative collected knowledge of the network damages. This means
that a path of cost ¢ may be perceived as c¢,, and if ¢, < ¢, the respondents may be routed to a
worse path than expected.

Figure 7.11 presents the percentage deviation between the perceived costs and the actual
cost for the traversed truck paths. One can see that the drone-assisted respondents have a lower
deviation between perceived and actual routing costs than unassisted respondents. In addition,
the maximum cost deviations are lowered by 5-8% on average.

While the improvements do not seem significant at first, the current figure does not take
into account how the UAV aids with route selection. Figure 7.12 presents the cost deviations
between selected and best available path. As observed, the UAVs provide near 0% deviation
from the best path at all damage levels, meaning that the vehicles are able to select the best
route possible to each destination in most cases. Furthermore, the average path travel time

deviation ranges 2 and 6%, and the cost deviation variability is also significantly reduced.
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Figure 7.12: Deviation between chosen and best possible path traversed with and without drone

assisted reconnaissance.

Penalty parameter variation

The penalty parameter P quantifies the cost of delaying the delivery of relief at a node. The
intended purpose of the parameter is to minimise the mission length. As a result, it has an
effect on the routing decisions made by the algorithm, as greater P values incite faster responses.
Conversely, this allows less time for the UAV to explore the network, and may result in higher
uncertainty encountered by the vehicle.

We evaluate the mission length with variations in the P parameter in Figure 7.13. As
expected, low values of P result in significantly longer mission times (a maximum mission time

of 20 days is allowed). The greatest reduction is observed between 50 and 150, were the penalty

exceeds the exploration costs.

Large study case

A final set of experiments is carried out that simulates the relief response to the full 25 node
network. A penalty parameter P = 500 is selected, as informed by the results in Section 7.4.2.

Initially, we assume that two vehicles and two drones are deployed simultaneously given the
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Figure 7.13: Average mission time variation with penalty parameter value.

larger network size.

Similarly to the small case study, both the UAV-assisted and the non-assisted problem
instance have comparable deviations between the perceived and actual path cost for their chosen
itineraries (Figure 7.14). However, Figure 7.15 shows that the smaller deviations are observed
when estimating the cost of the best available path. As a result, the UAV assisted response
provides shorter paths to the destination. As seen in Figure 7.16, the UAV assisted response
reduces the cost between the best possible path and the actual path in all damage levels. The
constant 2-3% benefit mirrors the difference observed in Figure 7.15.

Consequently, the UAV-assisted run not only reduces the average routing travel time by
10-20% at all damage levels, but the deviation decreases significantly throughout. Therefore,
the UAV does generate a benefit to the humanitarian response, as it consistently provides
information that allows trucks to select better routes to each destination consistently.

When comparing the response with different number of UAVs, we obtain evident improve-
ments when using two UAVs compared to one (Figure 7.19), while additional UAVs provide very
similar results (Figure 7.20). A critical level of knowledge of the network is obtained when two

UAVs are used, and adding more UAVs has minimal impact on the optimality of the routing.
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Figure 7.14: Deviation between perceived and actual path cost with and without drone assisted
reconnaissance in 25 node case.
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Figure 7.15: Deviation between perceived and best path cost with and without drone assisted
reconnaissance in 25 node case.
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Figure 7.16: Deviation between chosen and best possible path traversed with and without drone
assisted reconnaissance in 25 node case.
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Figure 7.17: Routing costs with and without UAVs in 25 node case.
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Figure 7.18: Average energy use by drones with network damage for the GA in the 25 node
case.
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Figure 7.19: Routing costs with 1 and 2 UAVs in 25 node case.
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Figure 7.20: Routing costs with 2 and 3 UAVs in 25 node case.

7.4.3 Discussion

Our analysis has shown that UAVs provide significant improvements to humanitarian response
operations by reducing uncertainty in the road network state and informing routing decisions.
However, several barriers limit their widespread implementation. In first instance, current
regulations limit UAV flight in BVLOS conditions (Stocker et al. 2017). Despite permissions
being provided by aviation authorities on a case-by-case basis, current processes are long and
would inevitably lag humanitarian operation timelines.

Further simplifications with respect to aerial conflicts have been made. Given the low
altitude requirements of road damage inspection, the latter assumption is reasonable in areas
where drone activity is low. However, the rapid increase of drone use will necessitate efficient
trajectory management algorithms for humanitarian use.

Additionally, our current methodology assumes optimal weather conditions, meaning that
flight range deviations as a consequence of temperature variability, precipitation and wind are
not considered. Furthermore, localised weather events in the form of rain or low visibility may
reduce routing options at different time steps, forcing the UAV and vehicle to explore alternative
regions. This simplification limits the applicability of the algorithm as it cannot capture energy
requirements accurately, especially in weather-related disasters.

In the first instance, our exact approach considers that a single link is explored at every

time step, as to limit the number of scenarios to be optimised. While the assumption may
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be appropriate when only one UAV is used, given its range limitations and data processing
timelines, the use of multiple UAVs for widespread exploration requires a relaxation of this
rule. However, traffic management systems and regulations that will permit such operations are
in development at the time of writing, and are expected to be operational in the near future
(EASA 2015, Kopardekar et al. 2016, Chakrabarty et al. 2019). Thus, we expect that concerns
regarding BVLOS drone operations will be addressed in due course by the relevant authorities.

Further extending the UAV range would require the location of recharge hubs. This includes
allowing UAVs to depart from and return to different locations, and selecting optimal locations
for the recharge hubs.

From an algorithmic perspective, the improvements presented above would increase algorithm
runtime exponentially, as any of the relaxations above results in new exploration combinations.
In addition, providing non-greedy solutions to this problem would require the development of
intricate scenario-trees that are dependent on routing decisions made throughout the mission

time horizon.

7.5 Concluding Remarks

Road damage remains a key factor that delays relief distribution. To overcome this problem,
humanitarian organisations are increasingly relying on UAVs for rapid damage assessment. While
UAV routing has been explored by researchers in the context of logistics, this chapter seeks to
formalise and solve the UAV-assisted vehicle routing problem with endogenous uncertainty.

In particular, the algorithm presented in this chapter coordinates UAV and truck deployments
simultaneously over the course of a relief distribution operation, where trucks deliver relief
resources and UAVs assess the network damages, which are assumed to be unknown at the start
of the mission. A sequential greedy stochastic optimisation method and an adapted genetic
algorithm are applied to a case study based on the 2010 Haiti earthquake. Our analysis indicates
that our algorithms provide significant performance gains compared to deterministic methods,
which are widely used in the literature.

Technological limitations still hinder widespread adoption of UAVs in humanitarian opera-

181



CHAPTER 7. ENDOGENOUS STOCHASTIC OPTIMISATION FOR RELIEF
DISTRIBUTION ASSISTED WITH UNMANNED AERIAL VEHICLES

tions. Their susceptibility to changing weather patterns, as well as maintenance and required
access to electricity bring further uncertainty given potential failure states mid-flight. Collision
avoidance further adds an additional operational risk. Taking them into account necessitates
the development of trajectory management algorithms for humanitarian operations, such as
the algorithms developed in Chapter 6. In the metropolitan context, the Urban Air Mobility
(UAM) concept has been introduced to manage UAV operations. These aspects have not been
considered in this chapter.

The proposed problem and solution method represent a foundation from which future
research may be conducted. Improvements can be carried out to relax several simplifications
that limit implementation. In the context of earthquake response, aftershocks may induce
further network damages, meaning data collected by UAVs may become outdated. Introducing
this time-dependent and stochastic damage component would require the development of a
complex link damage model.

Further extensions to the algorithm presented in this paper could implement multi-depot
operations, expand the case study size, and provide alternative objective functions, such as
evaluating service equity and safety. Aspects of coordination can be evaluated by including
multiple independent organisations. Another stream of research could seek to reduce the NACs,
which would provide significant improvements to the applicability of exact solutions methods.

These will compose our future work.
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Chapter 8

Conclusions and future work

This chapter presents the findings of the thesis and compares them against the research objectives
described in Chapter 1, analysing the contributions and limitations of the research and their

impact on the different stakeholders. Suggestions for future work are also provided.

8.1 Research Objectives Analysis

The analysis carried out in this section considers four key stakeholders during humanitarian
response: humanitarian actors, governments, industry partners, and academics. The findings of
this thesis are mapped to these stakeholders and the research objectives introduced in Chapter

1, which are presented below for the reader’s convenience:

Obj. 1. Develop a quantitative framework for measuring UAV-based relief distribution
which considers ethical principles including equity and fairness (Bagshaw 2012).
Further UAV-specific features are incorporated that relate to safety, energy use

and access, which are implemented using complex objective functions.

Obj. 2. Propose a last-mile relief distribution design algorithm for UAV-based humanitar-
ian relief operation. The algorithm optimises key decisions of hub location and
routing, and reflects the sequential decisions made during humanitarian operations,
thus considering uncertainty and imperfect data (Boyles & Waller 2010, Ozdamar
et al. 2014).
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Obj. 3. Develop trajectory design algorithms with accurate energy expenditure estimations.
While the linearisation of fuel consumption relationships is reasonable for road
vehicles, this assumption misrepresents the effectiveness and operational range
of UAVs, particularly when consideration variations due to weather and payload
sizes. Hence, the nonlinear behaviour of battery use is no longer negligible, and

have to be considered in planning.

Obj. 4. Test and calibrate the proposed framework in large-scale scenarios. The case
studies proposed are based on realistic disaster in scale and scope, which allows

us to compare the effectiveness of UAV-based response with traditional vehicles.

Chapter 5 proposes a quantitative framework for UAV-based relief distribution described
by Objecive 1. The proposed framework is tested using variations of the objective function
to consider ethical principles of distribution equity. In addition, the proposed framework
incorporates aspects of energy expenditure and recharge which are UAV-specific, and their
impact on the final solution is evaluated in this thesis.

Objective 2 is addressed in Chapters 5 and 7. A bi-level network flow quantitative model is
proposed to design the last-mile distribution stage of relief in the aftermath of a natural disaster.
The two levels optimise drone operations and humanitarian operations, respectively. The former
contains a trajectory optimisation stage that seeks the reduction of UAV battery and flight
time, while the humanitarian stage considers the design of the relief distribution system using
the trajectories developed in the drone operations as inputs.

The model is formulated as a linear programming model that reduces operation costs,
mission duration and energy use. This determines optimal depot locations and vehicle itineraries
considering energy allocation and storage, battery management, and distribution fairness.

A stochastic optimisation algorithm is also developed to model the deployment of UAV for
road damage assessment to support relief delivery. The ability to to determine infrastructure
damages in real-time results in an endogenous stochastic problem as UAV assessment influence
routing decisions.

Improvements to the drone operations stage are presented in Chapter 6 as part of Objective
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3. An operational sequential trajectory optimisation procedure proposed isolates airspace
regions based on their demand level. The approach plans UAV trajectories using a custom Tree
algorithm that generates the detailed trajectory at each airspace region given an initial corridor
designed by an A* algorithm.

The algorithms in Chapter 6 can also be used to isolate dangerous weather events that prevent
the operation of UAV. The effects of weather on the UAV operations are varied. Temperature
affects the battery performance, with lower temperatures creating internal resistances and
reducing battery capacity. Wind speed and direction is of particular importance as it alters the
aerodynamics of the aircraft flight, and given the low mass of UAVs, supposes a risk of accident.
The operations outlined in this thesis assume that they are undertaken under the conditions
outlined by the manufacturers (Vertical Technologies 2017).

The algorithms and processes developed in this thesis have are validated through rigorous
testing in problem instances of different scale and their optimality evaluated against exact
solution methods. Finally, the framework has been applied to two real-life case studies: one
based on the 1999 Chi-Chi earthquake in Taiwan, and the 2010 Haiti earthquake. In both cases,
the large area affected and extensive transport damage delayed road-based relief distribution,
making them adequate for UAV-based response. The Chi-Chi network considers 13 demand
points, one for each township in the Nanto County, with a total population of 545,874, and
19,483 of vulnerable persons. Data for these case studies were obtained from published studies
(Sheu 2007, Government of the Republic of Haiti 2010, USAID 2010) and publicly available
material (Vertical Technologies 2017).

The contribution of this thesis to the theory of optimisation is two-fold. Chapter 5 proposes
the first solution method to simultaneously solve the location-routing problem considering split
delivery, energy management and recharge. The computationally efficient solution method
includes a modified route assignment heuristic built upon earlier work by Ozdamar (2011) and
Dorling et al. (2017). To the best of the author’s knowledge, Chapter 5 is the first to define
the endogenous stochastic VRP with travel time. Greedy solution technique, while fast is
suboptimal and can only handle one UAV agent (due to large scenario generation due to NACs).

Here lies an important area of improvement in terms of optimisation, which is the development
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of improved optimisation procedures for this type of problem.

This thesis provides a useful tool for humanitarian actors to design and evaluate current
humanitarian operations and analyse whether the integration of UAV-related solutions is
beneficial to their current practice. The case studies demonstrate the applicability of the
proposed approaches in realistic applications, and Chapter 6 presented a generic trajectory
management approach for UAV routing useful for other applications.

Industry partners can utilise the frameworks and methodologies developed in this thesis
to determine the limiting factors of UAV design and manufacture that affect the operational
performance. This allows the industry to develop the key components that provide the greatest
marginal performance increase.

Governments can assist humanitarian operations by facilitating access to the required assets,
both in-country and inflow of goods (for example, batteries and drone platforms). Furthermore,
the proposed methods can demonstrate the potential of the technology, and inform on the
appropriate legislation to enable their use in humanitarian contexts.

While current regulations governing UAV operations are flexible and open-ended to allow
operations to take place given clearance with the respective Civil Aviation Authority, the speed
of humanitarian operations requires clearance to be given within an extremely short time window.
The United States” FAA allows clearance for UAV operations in a month which renders the use
of UAVs impossible for relief distribution, which occurs within the first few days after a disaster
event.

The main problem relates to the prohibition of BVLOS operations and cargo transportation
using UAVs. The latter is restricted mainly due to the risk of fall of the item and the hazardous
nature of the potential cargo. BVLOS operation regulation will follow ICAO operation-based
regulatory framework (see Chapter 3), meaning that the rulings will be based on the risk
perceived by the operation. For this reason, the framework presented (particularly Chapter 6)
is designed to comply with the RNP frameworks consistent with international regulation (ICAO
2008).

In terms of transferability, the humanitarian response process outlined in this thesis is

transferable to any natural disaster provided the conditions are within the UAV specifications.
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This means that weather-related disasters such as typhoons and hurricanes would not allow for
UAV operations until the high wind speeds have subsided. Similarly, an underlying assumption
of this thesis is the permission of UAV use which may be jeopardised in non-natural disasters,
where the independence and ethics of humanitarian operations may be questioned by locals.
Furthermore, the devised framework is also transferable to other humanitarian operations given
some changes. For example, the approach can be used to transport material during the recovery
stage, in which case some minor changes to the objective functions may be necessary to reduce
the importance of mission time. Having the drone operation comply with RNP allows the
framework to be used for other operations given that the appropriate RNP specifications are
provided. Therefore, the processes described in this thesis, while tested for humanitarian use,
remain applicable for different operations.

To summarise, the contributions of this thesis are as follows:

Con. 1. Development and implementation of a holistic humanitarian relief distribution
framework using UAS for the analysis of humanitarian response. The framework
considers unique operational aspects that relate to UAVs, and that distinguish
them from conventional humanitarian operations models. This contribution allows
practitioners in the humanitarian sector (e.g. WFP, and independent NGOs) to

design UAS-based humanitarian response.

Con. 2. Quantitative assessment of drone-based humanitarian operations. This contribu-
tion aids to move the field forward by providing researchers with methodologies
to evaluate UAV-based humanitarian relief. The metrics developed where used
to measure the impact of UAV-based humanitarian relief framework specified by

Contribution 1.

Con. 3. Development and implementation of novel trajectory management algorithm
for UAV fleets. The provision of humanitarian assistance is dependent on the
design of trajectories and management of vehicle fleets. This contribution allows
practitioners to manage and deploy UAS in humanitarian environments. The

algorithm proposed by this contribution focuses on isolating hazardous areas
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and ensure minimum safety requirements are met throughout the mission. The

assumptions on the latter are informed by Contribution 4.

Con. 4. Conformity with PBN framework (Ren, Castillo-Effen, Yu, Johnson, Yoon, Takuma
& Ippolito 2017, Sun et al. 2018). ICAO proposed the PBN that defines the system
requirements of aircraft must comply measured in terms of accuracy, integrity,
continuity, availability and functionality (ICAO 2008). This framework allows
flight restrictions and requirements to be performance-based, thus eliminating
sensor-specific routes and procedures. However, PBN is yet to be extended to
UAV aircraft, and thus necessitates the provision of new RNP frameworks that
correspond to UAV operations. By conforming to the PBN framework, the
algorithm can be generalised to consider multiple aircraft types, operations and

trajectory profiles.

Contributions 1 and 2 conform the algorithms for UAV-based humanitarian operation design
and optimisation, focusing on translating UAV constraints and objectives to the humanitarian
context (detailed in Chapter 5 and 7). Contributions 3 and 4 incorporate the trajectory and
airspace management constraints, which are a unique requirement of UAV-based operations
(Chapter 6).

The presented contributions provide novel methodological approaches in the fields of UAV
operations and humanitarian response. The proposed framework serves as a decision support
tool for practitioners to manage and design UAV-based humanitarian relief distribution systems.
Furthermore, the ability to test a range of problem instances allows the measurement of the
impact caused by policy changes on UAV operations, thus informing best policy in terms of
quantifiable metrics, such as humanitarian response time, inter-arrival times, among others.
The results gathered in this thesis are replicable, as are based on existing problem instances,

and data used is facilitated in the respective Chapters.
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8.1.1 Future work

This section presents recommendations on further work to address some limitations of the
presented thesis, expand upon the conclusions of this research, and interesting topics related to

the work undertaken.

e While the development of the proposed frameworks have focused on the application of UAVs
for humanitarian relief, its application to other operations in the humanitarian response
process (safety monitoring, population control, surveying, etc.) can also be investigated.

This requires the modification of the objective functions presented in Chapter 5.

e The trajectory management algorithm presented in Chapter 6 can be expanded to incor-
porate alternative applications, which requires further experimentation and extensive data.
Furthermore, UAV compliance with RNP and PBN is still an active area of research, as
the proposition of appropriate RNP and PBN levels depend on the operation type, context,
and flight configuration (Jung et al. 2016, Ren, Castillo-Effen, Yu, Yoon, Nakamura,
Johnson & Ippolito 2017, Ren, Castillo-Effen, Yu, Johnson, Yoon, Takuma & Ippolito
2017). To achieve this, the performance of the algorithm must be evaluated in terms of

accuracy, integrity, continuity and availability.

e The presented thesis assumes that a single coordinator or organisation is responsible for
the design and operation of humanitarian response operations. While the assumption is
widely adopted in the literature (see Chapter 2) to provide system-optimal results, the
actual humanitarian context relies on the cooperation of multiple entities of different sizes,
objectives, and capabilities. Further work should delve on developing algorithms that
account for these entities, and determine how cooperation, coordination or competition

affect the performance of the humanitarian response operation.

e To the best of the author’s knowledge, Chapter 7 presented the first humanitarian
application of endogenous stochastic optimisation. The use of UAVs can provide key
information at discrete times and locations to inform decision-making during response.

Further research should propose extensions to the proposed model that consider other
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humanitarian applications including demand estimation and road repair.
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Appendix C

Optimal Relief Appendix

C.1 Flight Optimal Control Problem

Based on the flight dynamics derived in Section 4.1 the resulting Optimal Control Problem in

three dimensions is described as follows:

Objective:
Minimise 1— SOC,(t;) YveV (C.1)

Subject to:
dx, /dt = U,(t) cos(W,(t)) cos(y,(t)) Vv eV (C.2)
dy,/dt = U,(t)sin(V,(t)) cos(v,(t)) Vv eV (C.3)
dz,/dt = Uy, sin(v,(t)) Yv eV (C.4)
dU, /dt = (T,(t) — Dy(t) + Ly(t) sin(v,(t)))/m, Vv eV (C.5)
D,(t) =qSCp,(t) Yv eV (C.6)
CDU = CDO + KC]%U YveV (C?)
Cr, = L,(t) + KC;, YveV (C.8)
L, =myg/ cos(7,(t)) Yo eV (C.9)
dSOC,/dt = =T,(t)U,(t)/uBV Yv eV (C.10)
| < g 0< Ty < Ty, Uy =Us, SOC, <1 YveV (C.11)
f(ﬂ%y) _I' Zmin S Zy S f(l",?/) + Zmaz

The following boundary conditions are assumed:
Initial: x,(to) = zo,, Yu(to) = vo,, 2u(to) = 20,, SOC,(to) =1, Y (to) =, YveEV
(C.12)
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Final: z,(tf) =z, y(ty) =vyyp, 2(ty) =25, SOC(tf) free, v,(ty) free Vv eV
(C.13)

C.2 Route Assignment Algorithm

We present the pseudocode describing the route asseignment process in Section 5.3.3:

Algorithm 8 Route Continuity

1: function ROUTECONINUITY

2 Input: vehicle flows z7;, hub set H, network N

3 Output: routes N,

4: for iin H do

5: N, = Zj a:;kj

6: end for

7 for iin N do

8 for jin N do

9: imabalanced flow xy,, = a7; — a7,
10: if z;,, <0 then
11: xp,; =0

12: end if

13: end for
14: end for
15: imbalanced routes N,, = CreateRoutes(xs,,,H zy,;)
16: balanced routes N,, = CreateRoutes(wy,; — xs,,,H ,Ts,;)

17: return N, , N,,
18: end function

C.3 Detailed Results
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Table C.1: Percentage battery depletion with no payload.

Nodes | 1 2 3 4 5 6 7 8 9 10 11 12 13
1 - 011 0.19 035 029 0.26 0.27 0.10 0.28 0.31 0.13 0.58 0.55
2 011 - 023 029 039 0.17 036 0.21 030 029 0.13 0.50 0.58
3 0.18 023 - 031 0.20 0.28 0.13 0.14 0.11 0.18 0.11 0.56 0.37
4 035 029 031 - 051 0.14 042 040 0.27 0.17 0.25 0.23 0.46
5 0.28 039 0.19 050 - 045 0.11 0.18 0.25 0.36 0.28 0.69 0.40
6 0.25 0.18 0.25 0.12 050 - 039 0.32 0.28 0.20 0.17 0.33 0.51
7 027 035 0.13 041 0.11 038 - 020 0.16 026 0.24 0.60 0.32
8 0.12 0.20 0.14 042 0.19 032 022 - 024 031 0.15 0.61 0.49
9 0.28 0.31 0.11 0.28 0.25 0.27 0.16 024 - 011 0.17 049 0.28
10 0.31 030 0.18 0.17 0.36 0.20 0.26 0.31 0.11 - 0.19 0.36 0.31
11 0.12 0.15 0.11 0.25 0.28 0.17 023 0.15 0.17 019 - 049 045
12 0.57 0.50 0.51 0.25 0.80 0.33 0.59 0.61 048 0.33 047 -  0.52
13 0.55 0.9 042 047 041 058 032 049 028 031 045 0.52 -

Table C.2: Percentage battery depletion with 1kg payload.

Nodes | 1 2 3 4 5 6 7 8 9 10 11 12 13
1 - 012 0.21 040 0.32 0.29 031 0.12 0.32 0.35 0.14 0.65 0.62
2 012 - 026 032 043 020 039 0.23 0.36 0.33 0.17 0.57 0.68
3 020 026 - 035 0.22 030 014 0.15 0.13 0.21 0.12 0.57 0.42
4 040 033 035 - 057 015 046 047 0.30 0.19 0.28 0.25 0.52
5 032 046 023 056 - 051 012 0.21 029 041 0.32 0.78 0.46
6 029 0.19 029 0.13 052 - 044 036 0.33 022 020 0.39 0.58
7 031 039 0.14 046 0.12 043 - 0.22 0.19 029 0.26 0.67 0.36
8 0.12 0.23 0.15 0.51 024 038 022 - 031 038 0.18 0.69 0.55
9 0.31 034 0.13 0.30 0.29 030 0.17 028 - 0.12 0.20 0.49 0.35
10 0.35 0.33 0.21 0.19 040 0.22 029 035 0.13 - 021 0.37 0.35
11 0.14 0.15 0.12 0.28 0.32 0.19 0.26 0.17 020 021 - 052 0.51
12 0.65 0.63 0.57 0.26 0.84 0.38 0.67 0.74 0.50 0.37 053 -  0.59
13 0.64 0.67 0.42 0.57 046 058 0.36 0.55 0.31 035 051 059 -
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Algorithm 9 Create Routes

1:
2
3
4
5:
6
7
8
9

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:
37:
38:

function CREATEROUTES
Input: vehicle flows x;;, hub set H, imbalanced flows
Output: routes N,
for route r, in route set N, do

origin ¢ = SelectHub(H)
destinations d = FindAll(j, z;; > 0)
destination j = Random(d)
Ty =1,]
Tij = Tij — 1
if Tij = l’bi]. then
while j # hub do
d = FindAll(k, z;;, > 0)
if IsAnyConnectedToHub(d) then
destinations d;, = FindConnectedToHub(d)
k =Random(d},)
else
k =Random(d)
end if
Ljl = Tjk — 1
r, = AddToRoute(r,, k)
j=k
end while
else
while j # ¢ do
d = FindAll(k, z, > 0)
if IsAnyConnectedTo(d,i) then
destinations dj, = FindConnectedToHub(d)
k =Random(d},)
else
k =Random(d)
end if
Tt = Tjk — 1
r, = AddToRoute(r,, k)

J=k
end while
end if
end for
return N,

39: end function
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Algorithm 10 Cargo Assignment

1: function CARGOASSIGNMENT

2 Input: routes N,, flows ¢j;, demand A;, payload capacity @
3 Output: cargo assignments N,.c

4 for node 7 in A and node 5 in A do

5: cargo transported S; = S; — Cii

6 Sj = Sj — C;(j

7 end for

8 for r, in N, and node n in r, do

9: cargo assigned r.(n) =min(c};,Q,4;)
10: N, . =1,

11: end for

12: for r, in N, and node n in r, do

13: if A; #Sum(r.(r,(n) =1i)) then

14: N, =ReassignCargo(Ny.,cj;,5;,Q)
15: end if

16: end for

17: return N,.

18: end function

Algorithm 11 Cargo Reassignment

1: function REASSIGNCARGO

2 Input: routes N,, flows ¢j;, demand S;, payload capacity @
3 Output: cargo assignments N,.c

4 for node 7 in S do

5: while S; >Sum(N,.(n) =1i)) do
6: n =Find(N,c < Q)

7 Nyc(n)+ =1

8 end while

9 while S; <Sum(N,.(n) =1)) do
10: n =Find(N,c > 0)

11: Nye(n)— =1

12: end while

13: end for

14: return N,

15: end function
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Algorithm 12 Energy Monitoring

1: function ENERGYMONITORING

2 Input: routes NV, battery consumption e;;, hub set H
3 Output: feasible routes N,

4: for vehicle route 7, in N, do

5: battery in route r, = 0

6 for node n in r, do

7 origin i = r,(n)

8 destination j = r,(n + 1)

9: battery level b = r(n — 1) + e;;(r.(n)
10: r, =AddToRoute(ry,b)

11: end for

12: Npp <13

13: end for

14: for r, in N, and n in r, do

15: while 7,(n) > 1 do

16: i =1y(n—1)

17: Jj =ry(n)

18: hub h =ClosesHub(i,j,H)

19: cargo ¢ = r.(n — 2)

20: battery to hub b, = ry(n — 1) + e (c)
21: battery after hub b,y = m,(end) + ep;(c) — by
22: if b, <1 and b, < 1 then
23: ry =InsertAt(h,n — 1)

24: r. =InsertAt(c,n — 2)

25: r, =UpdateBattery(r,,r.)
26: end if

27: if n <0 then

28: penalty p = M

29: break

30: end if

31: n=n-—1

32: end while

33: end for

34: return N,

35: end function
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Algorithm 13 Vehicle Assignment

1
2
3
4:
5:
6
7
8
9

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26: end function

function VEHICLEASSIGNMENT

. drones D

Input: feasible routes NV,, time matrix T;;,

Output: route for each UAV set N,
for route r in IV, do
route flight time ¢, = 0
for n in r do
trt+ = thnt1
end for
route flight time set N; < ¢,
end for
drone mission duration set T, =InitialiseAtZero(D)
while IsNotEmpty(N,) do
drone route ry =FindMin(7})
current hub i = r4(end)
for t, in N, do
relocation hub j = r(start)
relocation time t; = ¢;;
t,+ =1r
end for
tmin =min(t,)
rq < T
drone mission duration t4+ = ¢,
end while
Nd — Tyq
return Ny

Table C.3: Percentage battery depletion with 2kg payload.

Nodes | 1 2 3 4 ) 6 7 8 9 10 11 12 13
1 - 014 023 046 036 034 035 0.13 035 039 0.16 0.74 0.70
2 015 - 030 037 0.50 0.23 045 0.27 042 043 0.25 0.65 0.74
3 023 029 - 039 025 033 0.16 0.20 0.14 023 0.14 0.65 0.48
4 045 037 040 - 0.64 0.15 054 051 034 021 0.32 0.28 0.60
) 037 048 025 064 - 059 016 0.23 033 046 036 0.88 0.52
6 0.33 0.22 033 015 0.62 - 050 041 034 025 0.22 044 0.65
7 0.35 046 0.16 053 0.15 053 - 024 020 033 029 085 041
8 0.13 0.26 0.17 0.52 0.26 041 025 - 031 041 0.20 0.79 0.64
9 036 039 0.14 034 033 034 020 031 - 014 0.23 0.58 0.36
10 0.40 0.38 0.23 0.21 046 025 033 039 014 - 024 043 0.40
11 0.16 0.17 0.13 032 0.36 0.22 030 0.19 022 024 - 0.60 0.57
12 0.74 0.70 0.65 0.32 0.88 047 0.75 0.78 0.56 043 0.60 - 0.67
13 0.70 0.74 047 0.59 0.52 065 045 0.64 036 0.40 0.60 0.67 -
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Algorithm 14 Battery Assignment

1: function BATTERY ASSIGNMENT

2 Input: battery consumption e;;, time matrix 7;;, dronesD, hub set H
3 Output: battery assignment B

4: t=20

5: drone route step d, = 1

6 while MissionIsNotFinished(D) do

7 for drone d in D do

8 if current drone time step d; <t then

9 drone departing dg., = True

10: current origin d, = d;gute(ds)

11: end if

12: end for

13: B =BatteriesToNodes(D,H,B)

14: for din D do

15: if dgep = T'rue then

16: current destination dg = dyoyse(ds + 1)
17: travel time d;, = Ty, 4,

18: expected battery d, = eq, 4,

19: end if

20: end for

21: B =AssignBatteriesToVehicles(D,H,B,e;;)
22: for din D do

23: if dgep = True then

24: dy = d; + dy,

25: ds =ds+ 1

26: end if

27: end for

28: B =ChargeBatteries(H,B)

29: end while
30: t=t+1
31: return B
32: end function
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Algorithm 15 Battery Assignment Operators

1: function BATTERYTONODES

2 Input: hub set H, drones D, battery assignment B

3 Output: battery assignment B

4 for drone d in D do

5: if MissionlsFinished() and drone battery dj, is not empty then

6 B +AddBatteryToNode(d,, destination dy)

7 end if

8 if drone departing dg., = T'rue and dp is not empty and dg, > 0 then
9: B «+AddBatteryToNode(dy, dg)

10: B +RemoveBattery(dp)

11: end if

12: end for

13: return B

14: end function

15: function BATTERYTOVEHICLES

16: Input: hub set H, drones D, battery assignment B, battery consumption e;;
17: Output: battery assignment B

18: for drone d in D do

19: if drone departing dg., = T'rue and drone battery d is not empty then
20: for b in B do

21: if battery charge b, < e4, 4, then

22: d +—AddBatteryToNode(b, destination dy)
23: bo— = edo,dd)

24: d <RemoveBattery(d)

25: break

26: end if

27: end for

28: else

29: d «<—AddBattery(new battery b)

30: bo— = €d,.d,

31: end if

32: end for

33: return B

34: end function

35: function CHARGEBATTERIES

36: Input: hub set H, battery assignment B
37 Output: battery assignment B

38: for b in B do

39: if battery location by, is hub H then
40: b.harge+ = chargeRate

41: end if

42: end for

43: return B

44: end function
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Table C.4: Percentage battery depletion with 3kg payload.

Nodes | 1 2 3 4 ) 6 7 8 9 10 11 12 13
1 - 016 032 058 042 037 041 0.15 040 045 0.23 0.89 0.80
016 - 033 043 055 025 051 037 045 043 030 0.74 0.84
026 033 - 045 028 038 0.18 0.22 019 029 015 0.74 0.54
052 042 045 - 074 019 081 0.58 039 024 038 0.32 0.67
041 0.61 028 073 - 066 019 032 037 053 0.50 1.01 0.59
040 0.25 047 0.17 074 - 056 049 039 029 0.25 049 0.76
041 052 021 0.62 0.15 057 - 033 023 038 033 0.86 0.46
0.15 030 0.20 0.64 031 047 028 - 035 045 0.22 0.89 0.72
9 044 045 0.16 047 037 039 022 037 - 015 026 0.64 0.40
10 045 043 0.26 024 054 029 038 045 016 - 027 0.53 0.45
11 020 0.22 0.15 036 041 025 034 023 025 027 - 075 0.66
12 084 074 074 034 1 048 086 091 0.64 049 068 - 090
13 0.80 0.84 0.54 0.70 0.64 0.74 046 0.72 040 046 089 0.76 -

0O O U = W

Table C.5: Parameter Tuning — fitness deviation examines the relative difference in optimal
solution with respect to ¢ = 0.9999 iteration.

Parameters Results
Fitness Runtime

N “ ¢ a B aa fa Deviation (%)  (min)
100 0.01 0.9999 02 06 0.2 0.6 0.00% 4600
100 0.001 0.9995 0.2 06 0.2 0.6 0.00% 1,089
100 0.01 0.9995 0.1 055 0.2 0.6 0.00% 938
100 0.01 0.9995 0.1 0.7 0.2 0.6 0.00% 1086
100 0.01 0.9995 0.2 06 0.1 0.55 0.00% 927
100 0.01 0.9995 0.2 06 0.2 0.6 0.00% 956
150 0.01 0.9995 0.2 06 0.2 0.6 0.00% 1012
100 0.01 0.9995 0.2 06 0.2 0.8 0.50% 927
100 0.01 0.9995 0.2 08 0.2 0.6 0.90% 925
100 0.01 0.9995 0.1 04 0.2 0.6 1.00% 925
100 0.01 0.9995 0.2 06 0.1 0.4 1.00% 984
100 0.01 0.9995 0.2 06 0.1 0.7 1.00% 982
100 0.01 0.9995 0.2 06 04 0.8 1.20% 886
100 0.01 0.9995 0.2 04 0.2 0.6 14.30% 855
100 0.01 0.9995 0.2 06 0.2 0.4 42.10% 909
100 0.01 0.9995 0.2 06 04 0.65 49.00% 895
50  0.01 09995 0.2 0.6 0.2 0.6 49.60% 842
100 0.01 0999 02 06 0.2 0.6 51.70% 666
100 0.1 09995 0.2 06 0.2 0.6 52.00% 768
100 0.01 0.9995 0.2 06 04 0.5 56.30% 1117
100 0.01 0.9995 04 05 0.2 0.6 56.60% 1115
100 0.01 0.9995 04 065 0.2 0.6 61.30% 894
100 0.01 0995 02 06 0.2 0.6 67.90% 122
100 0.01 0.9995 04 08 0.2 0.6 67.90% 812
100 0.01 099 02 06 02 0.6 130.20% 48
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Table C.6: Detailed relief distribution outputs per township (without balancing).

Day 1 Day 2
Township Cargo Demand Cargo Demand
Delivered (kg) Satisfaction (%) | Delivered (kg) Satisfaction (%)
40 UAVs
Nanto City - - - -
Tsao Tun 2,373 100 2,373 100
Ji Jii 1,767 20 6,808 100
Pu Li 159 99 159 99
Chu Shan 0 0 0 0
Guo Hsin 0 0 240 42
Lu Gu 0 0 0 0
Ming Jian 1,125 99 1,126 100
Sui Li 288 100 288 100
Yu Chi - - - -
Chong Liao 3,888 99 3,892 100
Ren Ai 0 0 0 0
Hsin Yi 0 0 0 0
60 UAVs
Nanto City 0 0 215 100
Tsao Tun 0 0 2,373 100
Ji Jii 8,655 99 8,655 99
Pu Li 159 99 159 99
Chu Shan 0 0 0 0
Guo Hsin 0 0 567 100
Lu Gu 0 0 1,266 99
Ming Jian 0 0 474 42
Sui Li 288 100 288 100
Yu Chi - - - -
Chong Liao 1,407 36 3,892 100
Ren Ai 0 0 0 0
Hsin Yi 0 0 0 0
90 UAVs
Nanto City 0 0 215 100
Tsao Tun 549 23 2,373 100
Ji Jii 8,655 99 8,656 100
Pu Li 159 99 161 100
Chu Shan 0 0 342 100
Guo Hsin 567 100 567 100
Lu Gu 1266 99 1,267 100
Ming Jian 0 0 1,126 100
Sui Li 288 100 288 100
Yu Chi - - - -
Chong Liao 3,891 99 3,892 100
Ren Ai 0 0 298 100
Hsin Yi 0 0 314 100
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Table C.7: Detailed relief distribution outputs per township (with balancing).

Day 1 Day 2
Township Cargo Demand Cargo Demand
Delivered (kg) Satisfaction (%) | Delivered (kg) Satisfaction (%)
40 UAVs
Nanto City - - - -
Tsao Tun 756 32 1,437 61
Ji Jii 2,800 32 5,356 62
Pu Li 50 31 101 63
Chu Shan 111 32 204 60
Guo Hsin 192 33 336 59
Lu Gu 304 33 571 62
Ming Jian 358 31 688 61
Sui Li 90 31 174 60
Yu Chi - - - -
Chong Liao 1,276 32 2,404 62
Ren Ai 97 32 178 60
Hsin Yi 95 30 191 61
60 UAVs
Nanto City 95 44 197 92
Tsao Tun 1,092 46 2,190 92
Ji Jii 4,051 47 8,050 93
Pu Li 7 48 146 91
Chu Shan 150 44 306 89
Guo Hsin 267 47 534 94
Lu Gu 424 33 856 68
Ming Jian 526 47 1,024 91
Sui Li 129 45 267 93
Yu Chi - - - -
Chong Liao 1,798 46 3,610 93
Ren Ai 139 47 268 90
Hsin Yi 146 46 293 93
90 UAVs
Nanto City 146 68 215 100
Tsao Tun 1,629 69 2,373 100
Ji Jii 5,929 68 8,656 100
Pu Li 110 68 161 100
Chu Shan 219 64 342 100
Guo Hsin 384 68 567 100
Lu Gu 637 50 1,267 100
Ming Jian 760 67 1,126 100
Sui Li 201 70 288 100
Yu Chi - - - -
Chong Liao 2,659 68 3,892 100
Ren Ai 199 67 298 100
Hsin Yi 206 66 314 100
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Table D.1: Particle Swarm Optimisation tuning results - averaged over 20 iterations.

Parameters  Crossings  Aircraft Count Flight Time Fitness
p s n (-) Avg (-) Dev (-) Deviation (min) (-)
04 04 04 8673 1899 1512 2.984 22.5
04 04 06 9157 1953 1450 2.721 22.5
04 04 038 9820 2026 1406 2.532 23.1
04 04 1 9578 1999 1477 2.906 23.4
04 0.6 04 8419 1871 1569 3.303 23.1
04 0.6 0.6 8061 1831 1539 3.374 22.1
04 0.6 038 9378 1977 1581 3.185 241
04 06 1 9834 2028 1589 3.162 24.8
04 0.8 04 9314 1970 1526 2.987 23.7
04 0.8 0.6 8959 1931 1558 3.176 23.6
04 0.8 038 9357 1975 1536 3.082 23.8
04 0.8 1 10038 2051 1494 2.746 24.1
04 12 04 8889 1923 1447 2.819 22.2
04 1.2 06 7573 1777 1674 3.815 22.7
04 1.2 08 9361 1975 1543 3.014 23.8
04 1.2 1 8339 1862 1639 3.810 23.2
04 15 04 9536 1995 1473 2.867 23.4
04 15 06 9052 1941 1467 2.937 22.7
04 1.5 038 8829 1916 1569 3.241 23.3
04 15 1 9474 1988 1555 3.163 23.8
04 1 04 8921 1926 1485 2.935 22.7
04 1 06 8867 1920 1504 3.032 22.8
04 1 08 8445 1873 1525 3.310 22.3
04 1 1 7844 1807 1652 3.938 22.7
06 04 04 8915 1926 1426 2.745 22.1
06 04 06 9065 1942 1467 2.901 22.7
06 04 038 8897 1924 1568 3.247 23.6
06 04 1 10387 2089 1575 3.130 25.0
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Figure D.1: Dynamic obstacle rapid tree simulation results
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Figure D.2: Static and dynamic obstacle rapid tree simulation results
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Endogenous Stochastic Research

Appendix

E.1 Formulation Linearisation

The proposed problem contains various non-linear relationships that prevent the use of linear
solution methods. In this section, we introduce a series of auxiliary variables to linearise these
relationships.

Variable mfj’-t is introduced in equations (E.1.1-E.1.3) to ensure that the objective function
(7.1.1) remains linear. The variable relates scenario costs to the the explored node by calculating

the product u; E¢Z.

2= Zh+ 2y + S0 S i) (E.1.1)

teT ses ijelR
m <ul,M Yij€E, VteT, Vs€ S (E.1.2)
myl <2+ 2+ 2+ 2 Vij € B, VteT, Vs€ S (E.1.3)
My > 20+ Zing + Ziine + Zyi — (1= ui) M
Vije B, VteT, Vs S (E.1.4)
mi' >0 VijeE, VteT, Vs€ S (E.1.5)

256



APPENDIX E. ENDOGENOUS STOCHASTIC RESEARCH APPENDIX

Further components of the objective function require modification. In particular, equations
(7.1.6) and (7.1.7) rely on the non linear terms uf]yf]i; and (1 — ufj)ysz to calculate deterministic

. . . t it .
and uncertain damage costs, respectively. Variables zf]k and vfjk are introduced to capture

the relationship, with the linearisation constraints presented in equation sets (E.2.1-E.2.5) and

(E.3.1-E.3.5).

Zop, =Y znldie VteT, Vse S (E.2.1)
ijeE

<yt VijeEE, Vke K, VteT, Vse€S (E.2.2)

<V VijeE, Vke K, VteT, Vse€S (E.2.3)

>yt ot VijeE, Vke K, VEET, Vs€ S (E.2.4)

2, =1{0,1} VijeE, Vke K,, VteT, ¥se S (E.2.5)

Zhs = Z nyTZJrchfjc VteT, Vse S (E.3.1)
ijEE

v <yt VijEE, Ve K,, VteT, Vse S (E.3.2)

vt <1—bt VijeE, Vke K, VLET, Vs€ S (E.3.3)

vt >yt =0 Vije B, VhkeK,, VtET, Vs€S (E.3.4)

v ={0,1} VijeE, VkeK,, VteT, Vs€ S (E.3.5)

Finally, the battery relationship is linearised by the introduction of nfjk in (E.4.1-E.4.6),
which monitors battery level to the previous node visited. The constraint set presented below

modifies the equations (7.2.6) and (7.2.7).

0 if j€D
0fy, = VieV, VteT, Vke Ky (E.4.1)

> iev(@ingis +nig) if ¢ D
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1> (2l +nly) Vi€V, VEeT, Vk € K, (E.4.2)
i€V
ng <y Vi jeV, VteT, Vke Ky (E.4.3)
ny, <oy Vi,jeV, vteT, Yk e K, (E.4.4)
niy > ol —(1—al,) Vi,jeV, VteT, Vke K, (E.4.5)
0<nl,<1 VijeE, Vke K, VteT (E.4.6)
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E.2 Genetic Algorithm Tuning

Table E.1: Manual Genetic Algorithm Tuning - each experiment is repeated 1000 times.

Parameters Results

Z  pe pm Travel Time [h] Energy [KWh] Runtime [h]
50 0.6 0.1 16.67 828.5 1.657
100 0.6 0.1 16.42 806.3 2.640
100 0.5 0.1 16.48 799.5 2.554
100 0.7 0.1 16.67 813.5 2.772
100 0.6 0.15 16.66 810.3 2.840
100 0.5 0.15 16.66 810.3 2.458
100 0.7 0.15 16.48 824.8 2.698
100 0.6 0.05 16.64 756.5 2.510
100 0.5 0.05 16.65 818.5 2.456
100 0.7 0.05 16.40 811.9 2.780
150 0.6 0.1 16.63 770.3 4.251
200 0.6 0.1 16.55 776.1 2.765
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