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Abstract

Last mile delivery faces challenges in rapid growth in demand for home deliveries, congestion, and restric-
tions in operations raised by governments, councils, or municipalities. Simultaneously, end-consumers are
becoming more demanding in quicker delivery services and how the delivery service are being provided.
Which is creating pressure for logistic operators to find sustainable solutions in the last part of the supply
chain. Consequently, literature and industry are considering Drones as a Service to provide home delivery
services in urban areas. Given the uncertainty and risk factors in a new business model raises questions in
the optimal design of a Drone Delivery Network to maximize the distribution efficiency.

This MSc. research describes a sequential framework that addresses the design of a Last Mile Delivery Net-
work. The first part of the Network Design Model formulates a binary integer linear programming model
to find the optimal location of intermediate facilities. Following, the sequential framework address prob-
lems related to maximizing vehicle load factor, minimizing mileage, and vehicle to package assignment. The
framework formulates a package valuation algorithm allowing the model to assign packages with the highest
priority first. The Network Design Model aims to minimize the operating costs measured in delivery dura-
tion, vehicle ground time, and number of not-delivered packages. A Monte Carlo Simulation is formulated
to assess the impact, risk factors, uncertainties, and variation in key network design attributes, have on the
performance of the network.
Results from a case study showed that a P2P network is most compatible to provide home delivery services in
a metropolitan area. It proved to have the lowest operational cost with less resources.
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Nomenclature

2E −LRP Two-Echelon Location Routing Problem
2E −C LRP Two-Echelon Capacitated Location Routing Problem
B2C Business-to-Consumer
CI Confidence Interval
CO2 Carbon Dioxide
DaaS Drones as a Service
DC Distribution Center
D.D. Delivery Duration
DDC Drone Delivery Canada
DoW Day of Week
GCD Great Circle Distance
GHG Greenhouse Gasses
G.T. Ground Time
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Introduction

This research focuses on the optimal network design of a Drone Delivery Network for logistic operators. The
initiative stems from the challenges city logistics are facing which, the industry and literature expect to be-
come more complex from the rising demand for home deliveries in urban areas.

Cities represent about 2% of the geographical space but give housing to 54% of the entire population which, is
expected to continue growing [1]. Increase in transport of goods in congested areas has led from urbanization
and from globalization with the open web market. Consumers are also becoming more demanding in expec-
tations towards shorter lead times as competition in home delivery services increases. Freight transport that
uses mainly road traffic is, therefore, mostly responsible for an increase in pollution and generated emissions
[2]. As a result, governments, councils, and municipalities are taking measurements and policies to reduce
pollution [3].

An emerging topic as anticipation to deliver more parcels in congested areas in a rather sustainable matter is
delivery by drones. Drones do not need couriers nor face congestion issues and thus overcome most of the
last mile delivery challenges [4]. The application of drones was limited to military use due to the complexity,
technology sensitiveness, and costs of the systems. But, over recent years, as technology has developed, ap-
plications of drones have swiftly changed and adopted for civilian applications in disaster relief situations [5],
airborne fire sensing [6], in the agriculture industry [7], and most recently in transportation of health services
[8], [9]. These successful operations can be considered as a preliminary stage of Drones as a Service (DaaS).
As a result, Amazon [10], DHL [11], Google [12], UPS [13], Mercedes-Benz [14], and Antwork [15] are, for ex-
ample, trying to gradually adopt DaaS to anticipate the challenges city logistics is facing .

The technology to operate drones as a last-mile vehicle is shown to be ready for utilization. As a response,
literature raised attention to find ways to operate and utilize drones effectively in a logistics network. Leyerer
Et al. [16] focused for example on determining optimal locations of intermediate facilities and allocation of
vehicles to the facilities with the objective to minimize operating costs. Troudi et al [17] decided to optimize
the fleet sizes and to consider battery management to find an efficient and effective Drone Delivery Network.
Hong et al. [18] emphasized on the location of the recharging stations to find a feasible delivery network with
the objective to cover the demand in a large urban area. These studies aim to optimize a particular aspect
in the network design. In this paper instead, the research aims to find a complete Drone Delivery Network
design that can easily be adopted to any existing commercial supply chain providing B2C service in the last
part of the supply chain. Resulting in the following research question:

What is the design of a Drone Delivery Network and how should it be configured to ensure delivery to the
end-consumer in metropolitan areas under cost minimization such that a profitable Drone Delivery

Network can be adopted to the network of logistic operators?

The report describes the scientific paper in Part I and the entire thesis report in Part 2. The thesis report
followed the following structure as a guideline to find the answer to the research question:

From research it is found that there is no study on a Drone Delivery Network that addresses the optimal
network strategy to approach commercial utilization of drones. The research focused, therefore, on existing
network strategies well established in the aviation industry such as the Point-to-Point (P2P) network and the
Hub and Spoke (H&S) network. Finding optimal destination locations for both networks is vital for the cov-
erage of the network, and finding optimal location of the hubs is essential to the performance of the H&S
network [19]. Literature also discusses battery management strategies to overcome the limited battery life
cycle of drones. The most common suggestions are contactless charging [20], recharging stations [21], and
battery swap technologies [22]. These findings are explained in detail in Chapter (1).

xv
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Chapter (2) defines the scope of the thesis. It elaborates on the main research question that can be answered
by the aid of multiple sub-questions. Subsequently, the eventual project goal is defined by specifying the
main objective followed up with sub-goals that are to be accomplished to achieve the ultimate goal.

A network model is presented as a sequential framework that addresses the design of a logistics network in
Chapter (3.1). This method is used as it allows to address the Knapsack Problem, Facility Assignment, Trav-
elling Salesman Problem (TSP), and package to drone assignments by using binary decision variables. The
objective of the network model is to solve each of the problems individually to minimize the operational costs
of the network.
The framework is set-up flexible such that the operator can decide to either configure a P2P network or to
design a H&S network. It assumes that the order size, destination locations, hub locations, and vehicles are
given. It is a flow-model that uses the pre-determined facility locations to find the optimal hub locations.
The operator is also free in tailoring the quality of service it likes to provide for two service types. A package
valuation algorithm is implemented in the model to prioritize packages based on due delivery and service
type.
The costs are measured in operational costs such as the ground time, delivery duration, and the number of
packages not delivered. The formulation of a Monte Carlo Simulation (MCS) allows to observe the impact net-
work attributes have on the costs while considering risk factors and uncertainties. The model distinguishes
from literature by allowing any operator to design a P2P or a H&S Drone Delivery Network with tailored ser-
vices that can be simulated by taking into account risk factors.

The framework is considered in a case study with data of Air Canada in Chapter (4). It is a pioneer in its
field and is looking for opportunities to anticipate the rapid increase in demand for home delivery services.
Considering the major hub of Air Canada at the Pearson Airport (YYZ), it is decided to find a Drone Delivery
Network servicing the City of Toronto.

A sensitivity analysis is performed in Chapter (5). Changing one parameter in the general set-up, obtained
from the case study, allows the experimenter to assess the impact the attribute has on the performance of the
network. Both network strategies, P2P and H&S, are compared. The outcomes allow to recommend the most
competitive Drone Delivery Network that can be adopted by Air Canada’s logistics network for this specific
scenario in Toronto.

The main elements of the report are discussed and concluded in Chapter (6) and it finishes with suggestions
for future research in Chapter (7).
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Abstract

City logistics concern solutions in package movements that face challenges in rapid growth in demand for
home deliveries, congestion, and expectations from consumers for sustainable solutions. Providing last mile
delivery services with drones is considered a promising solution in literature as a response to the raising
challenges in urban areas. In this paper, we propose an innovative framework that allows a logistics operator
to design a last mile delivery network. The Network Design Model contains two parts. First, a binary integer
linear programming model is presented, allowing the operator to find the optimal location of intermediate
facilities. It is a flow model that uses pre-located facilities. Secondly, a sequential framework is presented that
considers Facility Assignment, Knapsack Problem, Traveling Salesman Problem, and Vehicle Assignment.
The Network Design Model aims to minimize the operating costs measured in delivery duration, vehicle
ground time, and number of not-delivered packages. A Monte Carlo Simulation is formulated to assess the
impact risk factors, uncertainties, and variation in key network design attributes have on the performance
of the network.

Keywords: Drone Delivery Network, Last Mile Delivery, Logistics, Network Optimization, Monte Carlo
Simulation

1. Introduction

City logistics focuses on optimizing the transportation of goods in urban areas, also called last mile
delivery. It is targeted to provide an effective and efficient freight distribution in congested areas taking
into account safety, environment, and congestion [1]. Councils and governments are taking measurements to
stimulate sustainable solutions for last mile delivery, as global pressure is getting stronger to reduce pollution
and generated emissions [2]. Which is a result from global urbanization. It causes a rapid growth in the
demand for last mile delivery that uses mainly road traffic. Freight transport is, therefore, mostly respon-
sible for externalities in cities related to delivery. Externality also referred to as external cost, is caused
by one group of people that does not compensate or entirely account for the impacts of its economic or
social activities on another group. In addition, there are different carriers and logistic service providers that
provide last mile delivery services that create an uncoordinated traffic flow of transported goods resulting
in high externalities, a high number of routes, low load factors of vehicles, and high operational costs.

Expectations from the consumers to delivery services are changing towards sustainable solutions and
the demand for e-commerce is increasing which will impact last mile delivery. Consumers are wealthier
and purchase more online. Simultaneously, they are prioritizing to ease their daily tasks and desire to have
more input in when, where, and also how the products are being delivered. The consumers prefer a more
sustainable and environmentally friendly transport service, even if this means an increase in service price
[3].

Many studies discuss solutions to overcome the challenges in last mile delivery. Last mile delivery by
freight tricycles, a bicycle that is designed for transporting loads, is one solution that can overcome road
restrictions that trucks are facing in urban and congested areas [4]. Other vehicles, such as hybrid and
electric vehicles, are also discussed [5]. However, tricycles still face the issue of shortages in couriers, and
other vehicles are still limited by traffic flows and congestion. On the contrary, drones do not need couriers
nor face congestion issues and thus overcome most of the last mile delivery challenges. It is, therefore,



considered a promising solution for last mile delivery in urban areas. From experiments and studies from
industry it can be concluded that the design of the drones is not the issue [6], [7], [8], [9], [10], and [11].
Instead, there is little known to the optimal design of a network where drones deliver packages to consumers’
homes. It is mandatory for logistic providers to investigate the design of a Drone Delivery Network first,
before it is able to to utilize drones efficiently.

Decisions to the design of a logistics network encounter locations, sizing, and the number of facilities
[12]. For certain network strategies it is common to have intermediate facilities. Which are facilities located
between the origin and the destination where goods are delivered by inbound vehicles and picked up by
outbound vehicles to consolidate packages for distance minimization purposes. For such network strategies,
it is specifically relevant to optimize the location of intermediate facilities [13]. Other decisions prescribe
the functional and physical aspects of the distribution network. It typically encounters fleet management,
compositing and sizing of the transportation fleet [14]. The operational decisions consider on-time delivery
encompassing scheduling plans and routing. These optimization problems, minimizing vehicle millage and
maximizing distribution efficiency are known as Vehicle Routing Problems (VRP). The authors of [15] were
the first ones to adopt this concept to a Drone Delivery Network.

The capacity of the vehicle, when replaced by drones, can potentially reduce significantly and inherently
have an influence on the fleet size [16]. The operational constraints of the drones introduce other challenges
in last mile delivery. Drones have a limited operational range due to the battery life span. They will need to
recharge their batteries that can be facilitated by charging stations [17]. Charging time has a long duration
relative to the drones’ operational time resulting in poor utilization [18].

In this paper we discuss the problems that arise when designing a last mile delivery network for metropoli-
tan areas. The approach is proposed to use drones as city-friendly vehicles to serve last mile deliveries. The
approach thereby highlights optimal facility locations, fleet size, and risk factors in demand to compensate
for restrictions in city logistics, the operational limitations of drones, and uncertainties in demand.

The remainder of this paper starts by addressing literature that addresses similar problems (2). The
following section describes the problem in detail (3) before the mathematical formulation is given in Section
(4). The framework is tested through a case study as explained in Section (5). The paper finishes with a
discussion on the limitations of the framework and gives suggestions for future research (6).

2. Literature Review

Location Problem

A carrier transports passengers or freight throughout its network. Several strategies exist to define the
network structure dependent on the carrier’s vision. The vision can, most commonly, be divided between
a robust network and an efficient network. The robust network is typically known as the Point-to-Point
(PP) network that transports passengers or freight directly from the origin to its destination. Such a net-
work design can improve the stability, flexibility, and security of the operations. The direct flights reduce
travel time, but naturally increase operational costs as larger vehicle fleets are required to cover all routes.
The efficient network is typically known as a Hub-and-Spoke (H&S) network. It connects the different
origin-destination nodes through an intermediate facility, called a hub [19]. The H&S network provides
carriers with higher densities, larger scopes, and bigger scales of economies [20]. It allows for better con-
nections between almost all origin-destination nodes with lower number of routes. From Figure 1 it can be
observed that a H&S network requires n - 1 routes, n representing the number of airports. On the other
hand, utilization of this network implies extended travel times with increased airport and route dependencies.
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Figure 1: Point-to-Point network versus a Hub-and-Spoke network

Finding optimal destination locations for the P2P network is vital for its performance as the destination
locations will determine the coverage of the network. Similar for the H&S network it is vital to find the
optimal location of the hub when designing a distribution network to minimize the transportation costs for
the incoming and out-going traffic [21]. Covering problems define a static and deterministic approach. If the
demand is met within a specified duration, the demand is said to be covered. This problem can be divided
into the set covering problem and the maximal covering problem. The covering problem aims to obtain a
specified level of coverage while minimizing the facility location costs, and the maximal covering problem
determines the possibility of maximizing the demand coverage by considering the available located facilities
[22]. In practice, the set covering problems are potentially infeasible due to the usage of an exogenously
specified coverage distance. This has led to p-center problems. It implies a minimax problem as it has the
objective to minimize the maximum distance between the nearest facility to any demand node [23].

Finding optimal hub locations for a H&S network in city logistics is also commonly discussed as the
Two-Echelon Location Routing Problem (2E-LRP). It has known customer locations and seeks for solutions
regarding optimal locations of hubs, typically called satellites. This problem is formulated by literature with
the following notation 3/T/T , 3/T/T , and 3/T/T , where T represents a known location of the satellite,
and T represents unknown location of the satellite at least at one of the echelons. The problem is further
elaborated and expanded to number of facilities, sizes of the fleets, and to route optimization decisions. The
most common variation studied, is called the Capacitated 2E-LRP (2E-CLRP). It has the same objective
as the classical 2E-LRP, but with additional constraints. Each echelon consists of a fleet with capacity
constraints. The authors of [24], expanded the 2E-LRP to also consider fleet sizes while simultaneously
minimize transportation costs. More recently, Nguyen [25] introduced the common second stage location
problem with capacity constraints that contains one Distribution Center (DC) of which its position is known
prior. They formulated the model with Integer Linear Programming (ILP) and with a Greedy Randomized
Adaptive Search Procedure (GRASP), including machine learning. The two-echelon problem is further
elaborated by considering the following three constraints simultaneously on the second level, pick-up and
delivery, multi-product, and usage of processing centers as satellites [26]. The first level aims at finding the
location of the satellites, based on a set of potential locations, at minimum costs. The second level has the
objective to minimize the route costs and to assign customers to the satellites. This problem is proposed to
solve smaller-scale instances with an MILP model in a Cplex solver.

Battery Management

The limited battery cycle of a drone is a significant factor that negatively affects the drones’ utilization.
Moreover, the inability could cause damage to the drone, or worse, it could injure people when flying over
populated and highly congested areas. It is, therefore, essential to take into account a battery management
strategy to be able to create a profitable UAV delivery network.

Several methods are discussed in literature to anticipate the limited battery life cycle. Hu et al. [27]
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discuss the possibility of contactless charging, for example. The method is, however, constrained in line-of-
sight operations, high system costs, and low charging efficiencies [28]. A more common discussed topic in
literature is supplying the network with recharging stations. The authors of [29], aimed to find the optimal
locations of the refueling stations by using three heuristic algorithms. A greedy-algorithm, together with a
genetic-algorithm, is applied to the model that shows efficient and effective results. [30] applied the FRLM
in Korea to optimize the vehicle-flow of electrical cars. They define a case study to discuss the formulated
multi-period optimization model, the backward-myopic method, and the forward-myopic method. In general,
the multi-period optimization model performs better but shows longer computational times as the model
increases. Therefore, the authors advise the backward-myopic method for large problems. Hong et al. [? ]
applied the FRLM method to a UAV delivery network. They designed a delivery network with recharging
stations in its infrastructure. The network is based on a coverage model. In other words, the ground stations
and recharging stations are located such that all customers are covered within the drones’ vicinity. A spatial
heuristic solution technique is used to find the optimal locations of the recharging stations.

Literature raised attention to battery swapping to improve utilization of drones in response to the
demanding charging times discussed in FRLM methods. Suzuki et al. [31] propose a ground station that
can swap batteries of a heterogeneous fleet under high-coverage requirements. Ure et al. [18] designed
a battery maintenance system that allows to automatically swap the depleted battery with a replenished
battery at a ground station while charging other batteries simultaneously [32]. Moreover, FRLM methods
could be used to find optimal locations of such battery swap facilities.

Knapsack Problem

The Knapsack Problem aims to maximize the number of packages that can be carried by an object.
The max capacity weight and max dimensions limit the number of packages the object can carry. The 2D
Knapsack Problem 0-1 tries to maximize the value it can carry without exceeding the max capacity in terms
of weight. Each item it can carry has a value and a weight (kg), the two dimensions [33]. The 3D Knapsack
Problem 0-1 has the same objective but with volume as an extra dimension taken into account. Which is,
therefore, more accurate as objects have fixed dimension constraints. The knapsack problem does, however,
not consider optimal package placement by taking into account the length, height, and depth individually
as well. This is rather a complex study which will be out of the scope for the project. Therefore, it can be
assumed that all packages have a perfect fit in the object by only considering the volume. These assumptions
allow pyeasyga PyPi to be a suitable Python optimization tool for the project [34].

Traveling Salesman Problem

The optimal route to visit all destination nodes is called in literature Travelling Salesman Problem (TSP)
[35]. The goal is to determine the shortest tour of n cities starting and ending in the same city, visiting
each city exactly once. It is its most common used application for a tour in cities, but it is also applied in
computer wiring [36] and in wallpaper cutting [37]. Dantzig et al. [38] created one of the first formulations
of the TSP, and Miller et al. [39] introduced an alternative formulation to reduce the number of subtour
elimination. A large number of exact solutions have been proposed for the TSP, but since it is NP-hard, it
is common to address the problem by means of heuristic algorithms [40].

Monte Carlo Simulation

Monte Carlo Simulation (MCS) is a type of simulation that uses repeated random sampling to estimate
outcomes influenced by uncertain events. In other words, it is a probability simulation that calculates the
outcome hundreds, thousands, or ten thousands of times by using each time a different set of random num-
bers as input. This approach allows one to understand the impact of uncertainty and risk factors which
show the most likely outcomes for that specific scenario [41]. It is particularly applicable to experiments for
which the outcome is unknown. It allows the experimenter to apply different scenarios to enable a so-called
what-if analysis. Each scenario allows the experimenter to methodologically investigate a range of outcomes
that applies to a risk scenario without forcing the experimenter to go through each input parameter and the
corresponding outcome individually.
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The what-if analysis consists of the most likely scenario, the worst possible scenario, and the best possible
scenario. The most likely scenario is the base case for which risks factors are not considered for the input
parameters. The uncertainty of various external factors that have an influence on the input parameters are
considered for the worst case scenario and the best case scenario.

Rather than identifying each input value individually, MCS is used to create a statistical probability
distribution for the entire set of input parameters. It creates random samples of the input parameters based
on the probability distribution which will be different for every run simulation [42]. It is a realistic way of
describing uncertainty in variables of a risk analysis.

The authors of [43] performed a probabilistic analysis for a reduced number of MCSs to optimize the
framework of the design of UAV. Y. Jenie et al. [44] applied MCS for safety assessment for UAV operations
in a high density airspace environment. A more similar study to this research is presented by the authors
of [45]. They aim to maximize the demand served by drones while considering the uncertainties in battery
consumption. While doing so, the model is tasked to locate a pre-specified number of facilities with assigned
drones considering range constraints. The model uses a given set of spatially distributed demand with
drones serving as delivery vehicles and a potential set of facility locations. The drones have a one-mission
task, pick-up commodity from facility, deliver at destination, and return to origin until the available battery
energy is exhausted. The authors propose an integer linear programming (ILP) formulation with a penalty-
based approach for battery energy availability. The ILP outcomes are tested using MCS with coverage under
uncertainty to add robustness to the deterministic problem.

The previously described studies aim to optimize a network design. With each study having a different
particular focus in the network design optimization changing from P2P versus H&S, optimal facility location,
and battery management strategies. In this paper the research aims to find a complete Drone Delivery
Network design that can serve as an extension to an existing supply chain. A sequential framework will
be proposed that integrates problems such as the Knapsack Problem and TSP to find the optimal design
of the network. It is a flow model with pre-located facilities that aims to optimize the efficiency of the
network with the objective to minimize costs. A MCS will be formulated to evaluate the impact variation
in key model parameters on the design of the network and to perform a risk assessment. The model uses
the battery replacement strategy which will be facilitated at intermediate facilities and at the destination
locations, assuming that the vehicles have short distances to cover as the research aims for last mile Delivery
services in metropolitan areas.

3. Problem Specification

The problem consist on defining a framework that can be used by any logistic provider to find the optimal
last mile delivery network. The framework must be cost-efficient and flexible as supply chains can differ
between different logistic providers and even between different cities. The optimal design of a last mile
delivery network depends on the following inputs:

1. Order size → flight frequency

2. Vehicle capacity → flight frequency

3. Number of vehicles → flight frequency

4. Destination locations → distance travelled

5. Intermediate Facility → network strategy

6. Quality of Service → network strategy

The order size is prone to uncertainties in demand that has a major impact on the design of the network.
On the other hand, vehicle capacity, number of vehicles, and destination locations can be chosen by the
operator, but are prone to available resources. The network strategy is vastly defined whether the logistics
provider decides to operate with intermediate facilities or not and by the service it wants to provide to its
customers.
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From the perspective of the operator, minimum trips with minimum required resources without having
to spill demand is desired. Having small city-friendly vehicles serving the last mile delivery naturally implies
low consolidation factors which inherently means a higher flight frequency or bigger fleet sizes. Strategic
destination locations can increase the catchment area of the network which could positively increase the
demand of orders. Such locations could, however, increase extra opening costs of the network and more
distance travelled per day. Another trade-off would be required by the operator, whether the potential of
a higher demand would be desired over extra costs. The quality of service includes the operation hours of
the network and indicates the desired lead times. A high quality of service would indicate that the operator
aims for quick delivery services which would have a large impact on the optimal design of the network.
The operator could also decide to define the quality of service for different service types to better tailor the
service.

Different network strategies can be used by an operator when utilizing a last mile delivery network. The
model should be able to facilitate the operator with design solutions for each network strategy taking into
account that each network strategy requires different resources. If the operator desires to design a H&S
network, for example. The model should select optimal locations of intermediate facilities that are located
closer to the destination locations serving as small consolidation centers. If the operator decides to design a
P2P network where there are no intermediate facilities nor Inbound Vehicles. Packages are delivered directly
from origin to destination. The model could consider fleet sizing to optimize the design of such a network,
for example.

An operator wants to know in advance how the network will perform before investing largely in it. Given
the demand, vehicle capacity, number of vehicles, destination or intermediate facility locations, and quality
of service do not indicate the operational performance nor the costs of the network. Facility acquisition or
rent and insurance are for example costs that are difficult to define upfront. In addition, a network design is
prone to certain risk factors and uncertainties. Changes in demand are likely to occur, but are unknown in
advance and could negatively impact the performance or the costs of the network. It is undesirable to design
a network that will be inefficient shortly after utilization due to the inability to test for different demand
scenarios. Due to these uncertainties, it is proposed to measure the operating cost in performance of the
network. The objective of the model is to create a flexible framework that aims to minimize the operating
costs. A flowchart of the approach for this model is indicated by Figure 2 to clarify how the inputs will be
used.

Figure 2: Flowchart of Network Model

The figure illustrates four inputs on the left side which means that the operator selected the P2P network
strategy in this example. The size of the orders, quality of service, destination nodes, and vehicles are given.
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The destination and service type for each order are, however, unknown due to uncertainties. A probability
distribution function could be used to determine the service type and destination of each order. The figure
uses drones as an example that can be used as small city-friendly vehicles. Each vehicle has different criteria
and availability that the Decision Support Tool (DST), in which the network design model is incorporated,
uses to assign a vehicle to an order. It also uses the provided quality of service as given per service type for
each order to determine the priority of an order. The order with the highest probability should be assigned
first. This is the initial performance of the network that can be tested for multiple scenarios.

If there were intermediate facilities given, the DST would have selected the optimal intermediate facility
locations. Subsequently, it would assign orders to a vehicle as explained before at the distribution center
and similarly at the intermediate facility.

The network design model supposed to have the following contributions:

1. Allowing a logistic operator to design a last mile delivery network

2. Allowing a logistic operator to test the performance of a delivery network under cost minimization;

3. Providing the operator with flexibility in different network strategies and configurations;

4. Providing the operator with the possibility to analyze the impact of risk factors and uncertainties.

To conclude, the framework should be set-up flexible to allow any logistic operator to design a last mile
delivery network under cost minimization.

4. Framework Formulation

In this section, a network model is presented as a sequential framework that addresses the design of a
logistics network. This method is used as it allows to address the Knapsack Problem, Facility Assignment,
TSP, and package to drone assignments by using binary decision variables. The objective of the network
model is to solve each of the problems individually to minimize the operational costs of the network. It is
assumed that the:

1. order size;

2. destination locations;

3. quality of service;

4. number of Inbound Vehicles;

5. number of Outbound Vehicles;

6. vehicle capacity; and

7. number and locations of Intermediate Facilities;

are given. The sequential framework allows to address the configuration of a P2P network and to design
a H&S network strategy. If there are no intermediate facilities nor inbound vehicles, the model considers
the P2P network strategy and delivers packages directly from origin to destination. Otherwise, the model
considers the H&S network strategy where packages are distributed over intermediate facilities at which
outbound vehicles deliver the packages from the intermediate facility to the destination. The P2P network
can, therefore, be considered as a sub-problem of the H&S network, only package to outbound vehicle
assignment is relevant, indicated by the yellow box in Figure 3. The remaining part of this section focuses
on the sequential framework used for the H&S network.

The framework uses a set of candidate locations of intermediate facilities and a set of destination locations,
both given in a csv-file. The locations are selected based on market research with a main focus for population
density, employment, and feasibility. The other inputs are manually given to the framework where the
operator decides how the demand of orders is distributed over a set of time windows. See box A in the
design framework in Figure 3.

This input is used to find the optimal intermediate facility locations which is indicated with box B in
Figure 3. A binary integer linear programming model is formulated to assign each order to an intermediate
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facility. The model selects the intermediate facility based on minimum distance between origin, intermediate
facility and destination for each order individually. This approach is chosen to find strategic locations of
the facilities to increase efficiency of the network by having a higher catchment area from each intermediate
facility without a potential significant increase in operation costs - i.e. distance. The process is done
numerous times by the principal of repeated random sampling, which is the formulation of the MCS. The
average number of packages distributed per intermediate facility gives the operator a good indication whether
the candidate point is selected, if at all, and how frequent.

The operator can change the csv-file to only keep the relevant intermediate facility based on the run
MCS. This is the only change in input, at box 1, used for the sequential framework, called configuration, on
the right side of Figure 3.

The model is designed to maximize the sum of the values of the packages the inbound vehicle can carry.
This integer linear programming problem is known as the Knapsack Problem, see box 2 in Figure 3. It
considers the value, weight, and volume of each package. Each order has a value, based on package valuation,
to allow the model to prioritize packages. The weight and volume are used to meet the capacity constraints.
It does not, however, consider the destination locations. It is assumed that inbound vehicles are designed to
carry many packages relative to the outbound vehicles, distances between intermediate facilities are small,
and the demand is not big enough that outweighs the first two assumptions. In other words, it is assumed
that the number of packages an inbound vehicle has to carry every trip is not large enough for it to be efficient
to carry only packages designated to one set of intermediate facilities. The total average delivery duration is
assumed to be shorter when the inbound vehicle carries all packages irregardless of the destination locations
rather than bringing a part of packages to a set of intermediate facilities and coming back to deliver the
remaining part of packages to the other set of intermediate facilities. The Knapsack Problem is an NP-hard
combinatorial optimisation problem. The computation time increases with increasing number of packages.
It is, therefore, proposed to use pyeasyga, a Genetic Algorithm (GA), to solve multidimensional knapsack
problems instead of exact solutions.

The framework uses the destinations of the assigned orders to determine to which intermediate facility
each package should be distributed to, see box 3 in Figure 3. The same binary integer linear programming
model is used as for the design in box B in Figure 3. Thus, the model assigns the facilities to the inbound
vehicle based on the shortest distance per order. Not the shortest distance of all orders together. Because
the network would otherwise always assign all orders to only one intermediate facility. It would take away
the entire principal of having a H&S network at the first place. Since a H&S network is designed to avoid
congestion allowing to scale the network. That is why the Network Model is depicted in two parts where
the operator can decide first, based on the MCS, which intermediate facility is the most optimal location
while taking into consideration how frequently the intermediate facility is used based on the given scenario.
Following, this input is purely used by the configuration to determine to which facility each order should be
distributed to individually.

The model aims to find one route with minimum distance given all locations the inbound vehicle must
visit to distribute all packages. This integer linear programming problem is known as the TSP indicated by
box 4 in Figure 3. The computation time increases significantly when the number of locations to be visited
increases. Therefore, instead of using an exact solution. It is proposed to use Machine Learning, Randomized
Optimization and SEarch (mlrose), a randomized optimization and search algorithm, for solving the TSP
that is NP-hard by nature [46].

The model assigns an available outbound vehicle to the orders that arrived at the designated facility.
The binary integer linear programming model is called the Outbound Vehicle Assignment indicated by box
5 in Figure 3. The Vehicle Assignment would have been the only problem if the network was not facilitated
with intermediate facilities nor with inbound vehicles.
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Figure 3: Flowchart Network Model

Package Valuation

The model is facilitated with a package valuation tool to allow the network to prioritize packages at the
Knapsack Problem and Vehicle Assignment, box 2 and box 5 respectively, in Figure 3. It is assumed that
the network uses two service types, Xpress and Normal. If there is no distribution given, it is assumed that
the model has a uniform distribution between Xpress service and Normal service when assigning a service
type to an order. The Xpress service is tailored for customers with desires for quicker delivery services. Late
deliveries are thus higher penalized for orders with Xpress service than orders with Normal service.

The value is based on the service type and and on the due delivery. Due delivery is the minutes that
are remaining before the package should depart from the facility for on-time delivery. Xpress should be
prioritized over Normal, and on-time delivery should be prioritized over late-delivery. Bluntly following
this approach has, however, the possibility that packages that exceeded the due delivery time will never be
delivered. Hence, the model uses a score system. The package with the highest score will be prioritized.
Only the order with the highest valuation will be considered to an available drone, else wise the order is
put on hold. The package is rewarded with 50 or 10 points for having the Xpress service or Normal service
respectively. Both services gain 50 points, if the package has a due delivery bigger than zero - it is estimated
to be delivered on time. If the Xpress service package has a delay of x minutes, it is penalized with x3

points. The package with Normal service is penalized with (0.5y)2 points with y delayed minutes. The red
line in the plot shown in Figure 4 indicates the relation between the amount of minutes for each service it is
required to be prioritized over the other. In other words, the area above the red line indicates the amount
of delay it is required for the package with Normal service to be prioritized over the package with Xpress
service.
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Figure 4: Relation between an Xpress package with delay and a Normal package with delay

Some key examples are withdrawn from the graph, see below:

• Xpress without delay is prioritized over Normal without delay;

• Normal with ≥ 20 minutes delay is prioritized over Xpress without delay;

• Normal with ≥ 65 minutes delay is prioritized over Xpress with 10 minutes delay;

• Normal with ≥ 179 minutes delay is prioritized over Xpress with 20 minutes delay; and

• Normal with ≥ 15 hours and 30 minutes delay is prioritized over Xpress with 60 minutes delay;

Mathematical Formulation

The order of the sequential framework indicated by Configuration in Figure 3 will be used in this sub-
section as a guideline. It covers the Facility Assignment of the design model and it covers the Outbound
Vehicle Assignment that is relevant for both P2P and H&S network.

The total number of orders used by the model is indicated by the letter O. The set of orders can be
distributed as desired by the operator over different time windows w (w ∈ W). Each order o (o ∈ O) has a
destination node d (d ∈ D) and a quality of service q (q ∈ Q). Depending on the chosen network strategy,
the network will be equipped with inbound vehicles I and intermediate facilities F. The set of outbound
vehicles is indicated by B.

The model has four binary decision variables. If order o is assigned to outbound vehicle b, the binary
decision variable mo,b = 1, and 0 otherwise. When the network is facilitated with inbound vehicles and
facilities, the decision variable po,i = 1, if order o is assigned to inbound vehicle i, otherwise it is 0. The
decision variable uo,f = 1 if facility f is assigned to order o, 0 otherwise. When determining the optimal route
of the inbound vehicle, the decision variable xk,l = 1 if the route goes from facility k to facility l, otherwise
it is 0. The objective of the sequential framework is to minimize the operating cost, which is defined in

10



terms of delivery duration co, and in terms of ground time of the inbound vehicle and outbound vehicle, ei
and gb, respectively. The model solves problems sequentially to minimize these costs. The mathematical
formulation of the network model is given below and followed with the mathematical formulation of each
problem individually.

Sets:
O: Set of orders
W: Set of time windows
D: Set of destination nodes
Q: Set of service
I: Set of inbound vehicles
F: Set of intermediate facilities
B: Set of outbound vehicles

Subsets:
J: Subset of F
S: Subset of O

Decision Variables:
mo,b: 1 if order o is assigned to outbound vehicle b, 0 otherwise
po,i: 1 if order o is assigned to inbound vehicle i , 0 otherwise
uo,f : 1 if order o is assigned to facility f , 0 otherwise
xk,l: 1 if the path goes from facility k to facility l , 0 otherwise

Parameters:
Pi: max payload inbound vehicle i
Pb: max payload outbound vehicle b
Vi: max volume inbound vehicle i
Vb: max volume outbound vehicle b
Ri: max range inbound vehicle i
Rb: max range outbound vehicle b
Ni: minimum load factor for inbound vehicle i
Ui: minimum number of orders that the inbound vehicle i must carry
wo: weight of order o
vo: volume of order o
zo,i: value of order o assigned to inbound vehicle i
yo,b: value of order o assigned to outbound vehicle b
ro,f : distance of order o from origin to facility f to destination
rb: distance of outbound vehicle b from origin to destination
hk,l: distance from facility k to facility l
ao,w: arrival time of order o in time window w
do: destination node of order o
qo: quality of service for order o

Output:

c0: total delivery duration per order o
ei: total ground time per inbound vehicle i
gb: total ground time per outbound vehicle b
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Knapsack Problem

The model is designed to maximize the sum of the values of the packages the inbound vehicle carries,
so that the sum of the weight and volume of the assigned packages is less than the weight capacity and
volume capacity of the inbound vehicle. However, in the occasion that there are not enough orders to fill
the inbound vehicle, the inbound vehicle should stay grounded. Even though it is desired to minimize the
ground time of all vehicles, it is not efficient nor optimal to transport the inbound vehicle with a low load
factor. The model is, therefore, proposed with a minimum load factor constraint for the inbound vehicle,
see Equation 1a.

∑

o∈S

1 ≥ Ui, S ⊂ O, ∀i ∈ I (1a)

With Ui =
Ni

100%
· Pi, ∀i ∈ I (1b)

O is the daily set of orders and S is a subset of O which indicates the orders that are at a specific moment
in time present at the facility. Ui is the minimum number of orders that the inbound vehicle should carry
at least. It is determined from the given load factor Ni that is a ratio of the max paylaod of the inbound
vehicle as shown in Equation 1b. Only, and only if, Equation 1a is met, the model will assign orders to the
inbound vehicle according to Problem 2:

Max
∑

o∈O

zo,i · po,i, ∀i ∈ I (2a)

Subject to
∑

o∈O

wo · po,i ≤ Pi ∀i ∈ I (2b)

∑

o∈O

vo · po,i ≤ Vi ∀i ∈ I (2c)

The objective function of the Knapsack Problem is explained by Equation 2a. The value of each package
is described by zo, which is valued according to the previous explanation. The decision variable po,i ensures
that only the assigned orders will be taken into account. The sum of the weight wo and volume vo of all
assigned orders must be within the max payload Pi and max volume Vi capacity of the inbound vehicle as
indicated by Equation 2b and Equation 2c, respectively.

The problem is solved sequentially per available inbound vehicle. In other words, the model assigns
orders to each inbound vehicle until there are no more available inbound vehicles left. It implicates a better
approximate of the network performance than guaranteeing that all packages are transported without a
vehicle limit. The performance will be an important indicator reflected in the ground time and delivery
duration that can be used as an indicator to determine the number of inbound vehicles required for the
network.

Facility Assignment

The model is designed to minimize the total distance travelled per order. In other words, the model aims
to choose the facility with the lowest distance from origin to facility to destination. The facility assignment
is described below, see Problem 3:

Min
∑

o∈O

∑

f∈F

ro,f · uo,f (3a)

Subject to
∑

f∈F

uo,f = 1, ∀o ∈ O (3b)
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The objective function minimizes the distance ro,f from origin to facility f to destination per order o, see
Equation 3a. It is assumed that the origin and destination of each order are given. The constraint ensures
that only one facility can be assigned to order o as indicated by Equation 3b. However, multiple orders can
be assigned to one facility. The decision variable uo,f can only have the value 1 if the facility is assigned to
the order, otherwise it is 0.

Traveling Salesman Problem

The inbound vehicle distributes packages over multiple facilities. The TSP aims to minimize the distance
travelled when doing such a tour. Given hk,l the distance from facility k to facility l is bigger than zero, the
TSP can be formulated as an integer linear programming problem, see Problem 4:

Min
∑

k∈F

∑

l∈F,l 6=k

hk,l · xk,l (4a)

Subject to
∑

k∈F,k 6=l

xk,l = 1, ∀l ∈ F (4b)

∑

l∈F,l 6=k

xk,l = 1, ∀k ∈ F (4c)

∑

k∈J

∑

l∈J,l 6=k

xk,l ≤ |J | − 1, J ⊂ F, |J | ≥ 2 (4d)

The TSP aims to minimize the distance required to travel to cover only the assigned facilities, which is
taken into account by including the decision variable xk,l, see Equation 4a. The first constraint requires that
the inbound vehicle can reach a facility only from one prior facility, see Equation 4b. The second constraint
requires that the departure is exactly to one facility, see Equation 4c. In other words, the two constraints
ensure that the inbound vehicle can visit a facility and depart from a facility only once. With J a subset of
F, the last constraint ensures that the solution is a single tour and not a combination of multiple sub-tours
as indicated by Equation 4d.

The inbound vehicle has typically a larger range compared to the small distances it is required to cover
between intermediate facilities in city logistics. It is, therefore, assumed that the inbound vehicle will be
able to complete each tour and it will have full range at each start of the tour.

Outbound Vehicle Assignment

The model aims to maximize the value of the package it assigns to the outbound vehicle. The valuation
yo,b is defined as explained before in Package Valuation 4. The assignment problem is given by Problem 5:

Max
∑

o∈O

∑

b∈B

yo,b ·mo,b (5a)

Subject to
∑

b∈B

mo,b = 1, o ∈ O (5b)

∑

o∈O

mo,b = 1, b ∈ B (5c)

The objective function is described by Equation 5a that finds the match for an order o and an outbound
vehicle b with the highest valuation. The problem is given two constraints to ensure the objective function
indeed finds a match. Equation 5b indicates that each order o needs to be assigned to only one outbound
vehicle b, and Equation 5c indicates that each outbound vehicle b needs to be assigned to only one order
o. The outbound vehicle has limited space to carry packages. It is, therefore, assumed that it cannot carry
more than one package per trip. The decision variable mo,b can only have the value 1 if it is assigned and 0
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otherwise.

Outbound vehicles are typically smaller vehicles with lower payload and lower volume capacity. The
orders must meet the requirements of the outbound vehicles as described by Equation 6 and Equation 7:

∑

o∈O

wo ·mo,b ≤ Pb, ∀b ∈ B (6)

∑

o∈O

vo ·mo,b ≤ Vb, ∀b ∈ B (7)

The weight of the assigned order and the volume of the assigned order must be within the payload
capacity Pb and volume capacity Vb of the outbound vehicle. The weight of the order and the volume of the
order are described by wo and vo, respectively.

The distance rb required for the outbound vehicle to transport the order o from its origin to the desti-
nation must be smaller than the range Rb of the corresponding outbound vehicle, see Equation 8.

∑

o∈O

rb ·mo,b ≤ Rb, ∀b ∈ B (8)

The origin is a given at this point in the sequential framework. For the P2P network it would be the
distribution center, and for the H&S network it would be the facility as assigned by the model.

Assumptions

The network design model is assumed to be utilized with one-mission vehicles. The vehicles deliver all
assigned packages at the designated destination and return to their origin for as long as the network is
operative. The operator can indicate the desired operation hours of the network with the quality of service.
The model will stop running once it reached the closing time, irregardless where the vehicles are. The
assumption is chosen to understand how many packages the network is able to deliver until closing time
including the entire demand. All made assumptions are summed up below:

• Ground Time is calculated by subtracting Arrival Time from Departure Time ;

• Delivery Duration is calculated by subtracting Arrival Time Distribution Center from Arrival Time
Destination;

• Not delivered packages are all packages that did not arrive at the destination at the ultimate operation
time of the network, which is calculated by subtracting the total number of delivered packages from
the entire set of orders;

• Origin is fixed and known;

• Inbound vehicle departs only if it meets the minimum load factor constraint;

• Outbound vehicle departs only if it has at least one and at most one order assigned;

• Outbound vehicle cannot carry more than one order;

• All vehicles have one mission;

• All intermediate facilities can handle each an infinite number of orders simultaneously;

• All destinations are located next to a warehouse, it can store infinite number of packages ;

• Two or more vehicles can deliver a package at the same time at the same facility - at intermediate
facility and at destination;
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• Outbound vehicle has full range after each trip;

• Total tour of the inbound vehicle is always within its range;

• Inbound vehicle has full range after completion of each tour;

• Set of facility locations, destination locations, and demand are given;

• All assigned packages to the inbound vehicle have a perfect fit - no optimal placement;

• The quality of service that the network provides is divided by an Xpress service and a Normal service;

Monte Carlo Simulation

It is assumed that the logistic operator has historical data available that can be used as a guideline for
the daily order size. A MCS is formulated to incorporate the impact of uncertainties and risk factors on the
order size by repeated random sampling for different scenarios. The simulation creates a set of orders based
on the given demand by the operator, indicated by O. Such data can be difficult to obtain by an operator,
but it is assumed that the logistic operator is able to extract historical data on a daily level. The simulation
is provided with a set of time windows, W, to allow the operator to have a more accurate estimate of arrival
flows during a day. The number of time windows and the size of each time window depends on the accuracy
of the provided data and the desired operating hours of the network. The probability distribution of order
arrivals per time window can be uniform, unless the operator has more accurate historical data. The random
arrival time is indicated by ao,w, with o the order and w a time window.

Even though the destination of each order is unknown, it is assumed that a set of destination locations
is given. The model selects a destination node for each order based on a probability distribution function
(pdf). The pdf will be determined by the population density and by the number of destination locations,
D. Clustering each of these matters per district allows the operator to determine the pdf of the destination
locations. The probability is a ratio of the population density relative to the total population density of all
districts together. The district probability is divided by the number of destination locations in the district
assuming that the population density within each district is homogeneous and thus the definition of Uniform
Distribution applies. The randomly generated destination location do is given to each order o .

The system allows the operator to tailor the quality of service provided to its customers, Q. It is assumed
that the quality of service a logistic provider wants to offer is given. Depending on how much the operator
wants to tailor its service to its consumers’ desires, the system will have a set of service types to assess the
impact a quality of service can have on the network. The operator can create a pdf based on the operator’s
expectations towards consumers’ desires per service type. Else wise, a uniform distribution is assumed. The
simulation assigns a service type qoto each order o based on the chosen pdf.

Assumptions MCS

The following assumptions apply to the distributions used by the MCS:

• If there is no distribution given, the model uses a uniform distribution for arrival times within a time
window;

• The model uses a uniform distribution for destination locations within the same district;

• If there is no distribution given, the model uses a uniform distribution between Xpress service and
Normal service.
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5. Case Study

The proposed framework is tested through a case study with Air Canada in the City of Toronto. His-
torical demand data of Air Canada and all proposed destination locations are used as input for the model.
The locations are based on an elaborate market research and are separately entered in the model via a
csv-file containing all coordinates. Air Canada collaborates with a drone manufacturer and operator called
Drone Delivery Canada (DDC). It is proposed to use their manufactured drones as the small city-friendly
vehicles, Sparrow and Robin XL. Each drone has different specifications which the model uses as input. The
model uses the different specifications to determine the better choice of drone for a specific scenario. To-
gether with Air Canada, it is proposed to approach the problem by using a P2P and a H&S network strategy.

Internal data platforms of Air Canada allows to analyse historical data from 2016 to 2019. The provided
data is on day-level with precise arrival times in Toronto. It is proposed to aggregate the package arrivals
per three hour time frame to get a better grasp on the flow of package arrivals per day. It is proposed that
the logistic network will be operative from 7 am to 7 pm due to expected restrictions in drone operations
by night. As such, the simulation has 4 sets of time windows per day, 7 am - 10 am (early morning), 10 am
- 1 pm (late morning), 1 pm - 4 pm (early afternoon), and 4 pm - 7 pm (late afternoon). It is assumed that
the arrival times per three hour time frames are independent and identically distributed (i.i.d.). Therefore,
the simulation uses an equally divided probability per three hour time frames to determine at which hour a
package arrives in that particular time window. The packages received outside operation hours do not have
to be randomized as these packages will be ready to be distributed at 7 am by the network.

Two service types, Xpress and Normal, are proposed to provide a certain quality of service to the
consumer. With the Xpress service a delivery before 12 pm and the Normal service a delivery before 7 pm if
in both cases the package arrived before 7 am, otherwise the next day. The probability distribution between
Xpress and Normal is also assumed to be i.i.d..

The destination of each order is, however, uncertain. The probability of a package’s destination depends
on population density. The pdf can be determined as described in (4). The pdf indicates the probability
that an incoming order will be delivered at a specific depot location per district, see Table 1.

Destination probability distribution function - City of Toronto

District Population
in millions

Population
Density

Number of
destinationss

pdf

York 0.146 4% 3 1.4%

Etobicoke 0.365 10% 1 10.2%

Old Toronto 0.798 22 % 51 0.4%

North York 0.869 24% 18 1.3%

Scarborough 0.632 18% 17 1.0%

East York 0.118 3% 5 0.7%

Markham 0.343 10% 2 4.8%

Richmond 0.208 6% 1 5.8%

Thornhill 0.112 3% 2 1.6%

Total 3.591 100% 100

Table 1: Case Study
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Assumptions

It is assumed that the drones fly directly from origin to destination without obstacle avoidance consid-
eration. This is done, because the drones of DDC have these algorithms already available with additional
traffic controllers to control safe flight operations. Their systems are designed to find the shortest path,
that is not the goal of this project. So, the distance can be determined by using the Great Circle Distance
(GCD) based on the coordinates of the facility locations. In addition to calculate the flight duration, the
drones are also assumed to fly at constant max speed. Having the distance and speed allows to calculate the
flight duration. DDC provides a general timeline for landing and unloading of the package of ten minutes
for Sparrow and Robin XL, and 15 minutes for Condor. The additional minutes are added to the flight
duration to estimate a more accurate total flight duration.

Air Canada is expecting to continue receiving packages 24/7 based on historical data. Regulators do
not allow drones to operate in populated areas. Excessive flight test programs are needed for the regulators
to build trust in safe and harmonized operation of drones in the society. The Drone Delivery Network
is, therefore, designed with operation hours between 7 am and 7 pm. See below for the complete set of
assumptions:

• It takes an hour for the packages to be ready to depart from the DC after aircraft landing at YYZ;

• Drones fly directly from origin to destination measured in GCD;

• All drones fly at a constant max speed;

• Condor can refuel the tank at all satellites and at the DC;

• Condor takes in total 15 minutes for landing, package unloading, required visual check, and gas refuel;

• Robin XL and Sparrow can both swap old batteries with replenished batteries at all facilities;

• Robin XL and Sparrow take both in total 10 minutes for landing, package unloading, and battery
swap;

• Time window packages retrieval: 24/7;

• Operation times drone: 7am – 7pm;

• P2P network: all drones start at DC;

• H&S network: all Condors start at DC and all RXL and Sparrows are divided by ratio over the
satellites;

• Fleet of the P2P network, and the inbound and outbound fleet of the H&S network are all homogeneous.

• All packages meet either the Sparrow or Robin XL dimension criteria - depending on the fleet config-
uration;

• The entire demand of Air Canada to YYZ is assumed to have the City of Toronto as end-destination;

• The number of missing packages in the data is higher than the number of packages that do not have
the City of Toronto as actual end-destination.
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Results

The network design model is made in the programming language Python 3.8 (64-bit), because of its
flexibility and the many public libraries. It reads a csv-file with coordinates of all facilities. The flow of
package arrivals per time window is given in the model with a multiplier as a parameter to allow to check
for different scenarios, see Table 2. Each scenario considers packages that meet the criteria of the Sparrow
(small packages) and the Robin XL (big packages).

Table Scenario 1: Base Case Scenario 2: Better Case Scenario 3: Bull Case

Time
Frame

1.1)
Small
Pack-
ages

1.2) Big
Pack-
ages

2.1)
Small
Pack-
ages

2.2) Big
Pack-
ages

3.1)
Small
Pack-
ages

3.2) Big
Pack-
ages

Opening 24 43 34 60 48 86
Morning
1

5 10 7 14 10 20

Morning
2

6 11 8 15 12 22

Afternoon
1

8 15 11 21 16 30

Afternoon
2

9 17 13 24 18 34

Total 52 96 73 134 104 192

Table 2: Scenarios

DDC manufactured a drone called Condor that can serve as an inbound vehicle. It is able to fit at least
77 Sparrow packages and 59 Robin XL packages considering the volume capacity of the Condor and the
max dimensions of the packages that Robin XL and Sparrow can carry, assuming perfect fit of the packages.
Consequently, only the Better Case (Scenario 2.2) and the Bull Case (Scenario 3.2) for bigger packages are
considered relevant for the H&S network to avoid high ground times and low load factors. Scenario 2.2 is
selected to present a complete comparison of the results between the P2P and the H&S network.

Key Performance Indicators

The experimenter selected the following Key Performance Indicators (KPI)s:

• Average Ground Time (G.T.) in minutes;

• Average Delivery Duration (D.D.) in minutes;

• Average D.D. Xpress in minutes;

• Average D.D. Normal in minutes;

• Number of packages not delivered the same day;

• Average number of packages outside range;

The ground time is a good indicator to determine the required number of drones. An excess in drones
could be indicated by a high ground time, and vice versa. The average delivery duration indicates how
quickly the network delivers packages from origin to the end-consumer. A low delivery duration would
indicate a quick delivery service which could be desired by customers. However, it is plausible to have a
high ground time when the delivery duration is low. It requires a quality of service versus cost trade-off to
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determine what is desired. The average delivery duration is also distinguished per service type. Allowing the
operator to determine how quickly the network should be able to deliver packages for each service type. It
should help the operator to define the quality of service requirements. The simulation runs a daily demand
set. It is, therefore, not possible to observe the overall performance of the network over an entire week.
For better understandings, the simulation indicates the number of packages that were not delivered the
same day. A backlog could result in poor network performance of the next day and the day after due to
accumulation. There are nine DroneSpots located outside the range of the Sparrow for the P2P network.
When the final output indicates a high number of packages outside the drone’s range. It could be another
trade-off for Air Canada to configure its fleet with Robin XLs.

The only additional KPIs for the H&S network are ground time, that is distinguished per echelon level,
and delivery duration that is distinguished per satellite. Ground time per echelon level allows to get a better
grasp on the number of vehicles required for each echelon. Additionally, a big difference in delivery duration
per satellite could indicate a discrepancy in how the outbound vehicles are distributed over the satellites.

P2P: Results

The performance of the P2P network for this scenario is presented in Figure 5. The x-axis displays the
number of Robin XLs used and the y-axis displays minutes. The ground time of the Robin XLs, indicated
with the dark blue line, drop while the average delivery duration per package increases as the number in
used Robin XLs decrease. The average delivery duration is 24 minutes and has an insignificant change in
duration between the service types when the network uses 100 Robin XLs. As the network is facilitated with
more drones than it has to deliver packages, there is always a drone available. Having said that, it can be
concluded that the P2P network has the quickest delivery on average in 24 minutes. Note that 6.5 packages
are not delivered with the 100 Robin Xl configuration. That is due to the assumption that packages can still
arrive at 7 pm exactly, but the drones will stop operating irregardless of their location. The network has an
average of zero ground time when it is utilized with seven Robin XLs. It has, however, ten more packages it
was not able to deliver by the end of the day compared to the configuration with eight Robin XLs. The eight
Robin XLs have a total average ground time of 11 minutes. The ground time can be considered insignificant
and the one extra drone can allow more flexibility to the network with better growth opportunities. The risk
reward could be considered favorable enough. Therefore, the best configuration is with eight Robin XLs.

Scenario 2.2 reaches zero ground time with seven Robin XLs, see Figure 5. It has, however, an increase
of 10 not delivered packages with respect to eight Robin XLs. The ground time is only 11 minutes with
relative quick deliveries. It can be concluded that the P2P network should be utilized with eight Robin XLs
for this specific scenario.
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Figure 5: P2P: Results of Scenario 2.2

H&S: Results

From Graph 6 to Graph 9 it can be observed that the model for the H&S network selects only four
satellites based on the MCS Satellite Selection that was run 10,000 times for Scenario 2.2. Satellite 1 and
Satellite 2 follow a normal distribution. For a normally distributed random variable Y, the Confidence
Interval (CI) can be defined as follows:

P(µ− 1.96σ ≤ Y ≤ µ+ 1.96σ) = 0.95 (9)

with µ the mean and σ the standard deviation. 1.96 is derived from the standard normal z distribution
for a 95% confidence interval. In other words, it can be said with 95% confidence that Satellite 1 will
distribute between 90 and 109 packages a day, and Satellite 2 between 16 and 33 packages a day for this
specific scenario. The 95% CI interval is indicated with the grey area and the two red zones indicate the
area outside the CI interval. The other two satellites have an insignificant number of packages it distributed
a day, see Figure 8 and Figure 9. Satellite 4 and Satellite 10 distribute approximately more than three
quarter of the times less than 5% of the total packages. It can be concluded that these two satellites will
not be relevant for the H&S network.

From these observations it is expected that Satellite 1 distributes 80% of all packages and Satellite 2, 20%
of all packages. Because of the nature of i.i.d., it can be concluded that the ratio of packages distributed per
satellite is constant and independent of the size of orders. The ratio is used as an input in the configuration
model of the H&S model to test the network for its performance, see Figure 10.
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Figure 6: Simulation Satellite 1 - 10.000 runs Figure 7: Simulation Satellite 2 - 10.000 runs

Figure 8: Simulation Satellite 4 - 10.000 runs Figure 9: Simulation Satellite 10 - 10.000 runs

Figure 10: H&S: Results Scenario 2.2
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The results of Scenario 2.2 are presented in Figure 10. The ground time is distinguished by the in-
bound vehicle and the outbound vehicles, represented by the green lines. The average delivery duration
is distinguished by Xpress service and Normal service and per satellite, indicated by the blue lines. Each
simulation is run 50 times. The x-axis indicates the configuration of the H&S network for each simulation.
The configuration changes in the number of outbound vehicles, or in the minimum required load factor of
the Condor. The network contains a fixed constraint that the Condor will transport the packages only if its
capacity is at least 50%, 70%, or 100%. For all three set-ups, the number of outbound vehicles are decreasing
from left to right with a starting point of 100 Robin XLs. The y-axis indicates the minutes on the left side
for the previously discussed KPIs. The right side of the y-axis indicates quantities measured in number of
non-delivered packages. This KPI is displayed with the red line.
Observing the figure shows that the ground time of the outbound vehicles is decreasing with decreasing
number of Robin XLs and with lower load factors of the Condor. It is self-explanatory that less outbound
vehicles implies less ground time. A lower load factor could indicate a more frequent package delivery to
the satellites, which could explain the lower ground time with lower load factors. The average number of
not delivered packages has a strong peak whenever the Condor has a minimum load factor of 100%. It takes
longer until the Condor meets the minimum load factor criteria which could explain this peak.
The overall quickest delivery of the network is reached with 100 outbound vehicles at a 100% load factor.
The average delivery duration is approximately 80 minutes for both services with an average delivery dura-
tion of less than 20 minutes from the satellites. However, regarding the high ground times of the vehicles it
is not considered the best configuration set-up.
Instead, a minimum of 50% load factor for the Condor together with a total of five outbound vehicles is
considered the best configuration of the H&S network for Scenario 2.2. The delivery criteria of Xpress and
Normal are met. The ground time of the outbound vehicles are approximately half of the ground time
with six outbound vehicles while the average delivery duration increases by only 15 minutes. Just five more
packages, a total of 26.6, are not delivered by the end of the day with five outbound vehicles compared to
six outbound vehicles. Which is increased to 37.2 packages when the network is utilized with 4 outbound
vehicles. 37.2 not-delivered packages by the end of the day plus the expected 60 packages at opening time
of the next day, together with the higher delivery duration implicate that four outbound vehicles is too low.
Especially considering the low ground time of the outbound vehicles when it is utilized with four Robin XLs.
Indicating that there is not much safety margin left for this configuration to cope with backlogged packages.
It is, therefore, concluded that the optimal H&S network configuration for Scenario 2.2 contains five Robin
XLs with a minimum inbound vehicle load factor of 50%.

P2P versus H&S

The P2P network is able to achieve package deliveries in 24 minutes with its quickest performing config-
uration. The H&S network achieves its quickest delivery in 80 minutes. Both networks have a high excess
in used vehicles, for these configurations, indicated by the high number of ground time. It was concluded
that the optimal network set-up of the P2P network should have eight outbound vehicles and the H&S
network five outbound vehicles. Even though, the H&S network needs less outbound vehicles, it requires
more resources such as an inbound vehicle and two satellites. For this specific scenario, the P2P network
has a better performance and is more costly efficient. From these conclusions the best network strategy for
Air Canada tends to be the P2P network. The benefit of a H&S network is, however, its ability to scale.
It is perhaps possible to observe a cross-over point at which the H&S network becomes more efficient by
analyzing the required resources with increasing demand for both networks, see Figure 11.
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Figure 11: P2P versus H&S

The x-axis indicates the multiple of Scenario 1.1 and the left side of the y-axis indicates the optimal
number of outbound vehicles required per network strategy. The graph shows that the number of drones
required by the P2P network, indicated by the blue line, increases quicker than the H&S network, indicated
by the orange line. The grey line is a ratio of the blue line over the orange line to get a better grasp of the
relation between them. The ratio reaches a peak at a 10X multiple. So, the graph is indicating what was
expected and could confirm that the H&S network becomes more interesting when there is a demand for
network scalability. Observing the performance of both networks at this configuration for a 10X multiple is
essential to make any conclusions. Both performances are summed in Table 3, with Inbound Vehicle (I.V.),
Outbound Vehicle (O.V.), Xpress (X), and Normal (N).

P2P 35 O.V. H&S 13 O.V.

Average G.T. I.V. N/A 86.4

Average G.T. O.V. 27.8 20

Average D.D. 143.4 219.5

Average D.D.X 99.4 202.3

Average D.D.N 189.4 301.3

Not delivered 30.4 98.6

D.D. Satellite 1 N/A 121.5

D.D. Satellite 2 N/A 212.32

Table 3: Performance of P2P and H&S network for 10X multiple

The ground time of the outbound vehicle for the H&S network is lower than the average ground time
of the outbound vehicle of the P2P network. The delivery duration is on average about 70 minutes slower
for the H&S network and it delivers approximately 60 packages less per day. It uses, however, 22 outbound
vehicles less than the P2P network. The costs are, unfortunately, unknown which makes the trade-off of
costs versus quality of service difficult between the two network strategies. It could be concluded that the
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P2P network has a better performance, purely looking at the shorter lead times of the network strategies.
Whether this is desired, depends entirely on the desired quality of service that Air Canada wants to provide
its customers with.

Note, the framework is not able to apply consolidation of packages at satellites, nor did it include the
possibilities of having other inbound vehicles serving the satellites from different locations, nor did it include
the increased catchment area from each satellite for the H&S network. Data of small packages that could be
consolidated at the satellites, data of incoming trucks to Toronto from different cities, and potential demand
from different regions was either unknown or out of the scope of the project. Having such abilities could
substantially increase the efficiency of the H&S network.
In addition, the strategy discussed so far is mainly based on the initial goal of finding a competitive Drone
Delivery Network for Air Canada in Toronto. A different approach, however, would be by considering the
available products, technology, and resources. The Condor might be more efficient for long haul distances
considering its max payload and its max range of 200 kilometers. Therefore, the second strategy could focus
on increasing the catchment area of the network by finding candidate locations for the satellites in different
cities, see Figure 12. The blue balloons represent the candidate locations for the satellites, with an additional
indication of a 30 kilometer vicinity by the purple circles. The red balloons indicate the 100 DroneSpot
locations discussed for the City of Toronto. Similar candidate locations for the DroneSpots should be looked
for in the other purple circles. The network increases its catchment area by 2.3 million people by adding a
satellite in London (404,699), Hamilton (924,078), Niagara (447,888), and Whitby (519,178) to the network.
Which potentially almost doubles the catchment area compared to the City of Toronto only.

A potential solution would be a H&S network on provincial level. The City of Toronto would still
be serviced by a P2P network, and the Condor would transport packages from the distribution center at
the Pearson Airport to the satellites located at the edge of different cities. Numerous outbound vehicles
transport the packages individually from each of these satellites to the end-consumer.

Figure 12: H&S Network: Ontario

6. Discussion and Conclusion

There are clear trends in demand for sustainable solutions regarding last mile delivery, which is being
challenged due to urbanization and e-commerce growth. As a response, literature raised attention to find
ways to operate and utilize drones effectively in a logistics network. Leyerer Et al. [13] focused for example
on determining optimal locations of satellites and allocation of vehicles to the satellites with the objective
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to minimize operating costs. Troudi et al [16] decided to optimize the fleet sizes and to consider battery
management to find an efficient and effective Drone Delivery Network. Hong et al. [? ] emphasized on
the location of the recharging stations to find a feasible delivery network with the objective to cover the
demand in a large urban area. These studies aim to optimize a particular aspect in the network design.
In this paper instead, the research aims to find a complete Drone Delivery Network design that can easily
be adopted to any existing commercial supply chain providing B2C service in the last part of the supply chain.

The first step of the research was to formulate a sequential framework and a Monte Carlo Simulation with
a focus on designing a last mile delivery network. It allows to design a P2P and a H&S network under cost
minimization. Research clearly illustrated, when utilizing drones as delivery vehicles, that the P2P network
was more cost efficient compared to the H&S network measured in ground time, quality of service, and num-
ber of required resources. But, it also raised questions towards its ability to scale at which the H&S network
was able to show its competitiveness to the P2P network. The H&S network is, however, limited in assigning
optimal intermediate facilities based on minimum distance, a fixed minimum load factor constraint, and no
consolidation at intermediate facilities. Implementing these factors in the model could substantially increase
the efficiency of the H&S network, which could result in preferences for the H&S network with lower demands.

Research has proved through implementation of the framework that it is able to find the best fitted
design of different network strategies. The main contribution of the research follows from the fact that
the framework can help the operator finding the optimal network strategy under cost minimization whilst
allowing to consider different fleet configurations, destination locations, number of destinations, size of daily
orders, and the quality of service as desired per service type. Different scenarios and repeated random
sampling used by the Monte Carlo Simulation allow to consider the impact of risks and uncertainties, and
to assess the performance of the network with confidence. In other words, it allows the operator to utilize
the network with a scenario it is confident with. And after utilization, the operator can use real-life data
and the results from the model to continuously develop the network design.

Future research could consider a two-mission fleet with operation between any two sets of facilities. A
two-mission fleet would allow a drone to make profit on any route instead of making purely costs going back
to its origin. Operation between any two sets of facilities would greatly benefit the potential utilization of the
network. Rather than providing long-haul B2C services only, it would allow the logistic provider to provide
short-haul Consumer to Consumer services as well, which would increase the demand and directly impact the
fleet size. Considering a weekly demand rather than a daily demand would allow the experimenter to assess
the impact of backlogged packages from the previous day to the performance of the network as a whole.
Better fleet sizing estimates would result by considering such uncertainties in the network. Expanding the
MCS formulation to assess the delivery duration of each service type would allow the operator to observe
the quality of service the network would be able provide with certainty. More specifically, besides designing
the network, it would help the operator to define the product it is able serve its customers with. The
performance of the H&S network design could benefit by considering consolidation at intermediate facilities,
finding the optimal minimum load factor, and by clustering destination locations. Consolidation of orders
would increase the efficiency by decreasing the total distance travelled. Finding the optimal minimum
load factor could decrease the ground time and destination clustering could avoid inefficient routes by only
assigning orders of one cluster to the inbound vehicle. These matters could improve the network design
model by allowing the logistic operator to configure a more optimized network design.
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[5] Arthur Scheltes, and Gonçalo Homem de Almeida Correia. Exploring the use of automated vehicles as last mile connection
of train trips through an agent-based simulation model: An application to Delft, Netherlands. MSc Thesis. Retrieved 06-
11-2020.

[6] Charlie Rose. Amazon’s Jeff Bezos looks to the future. Retrieved 29-05-2020, from https://www.cbsnews.com/news/

amazons-jeff-bezos-looks-to-the-future

[7] DHL. DHL Parcelcopter. Retrieved 20-05-2020, from https://www.dpdhl.com/en/media-relations/specials/

dhl-parcelcopter.html

[8] Project Wing, Google. ransforming the way goods are transported. Retrieved 23-05-2020, from https://x.company/

projects/wing/

[9] CNN Business, UPS. UPS drivers may tag team deliveries with drones. Retrieved 23-05-2020, from https://money.cnn.

com/2017/02/21/technology/ups-drone-delivery/index.html

[10] Mercedes-Benz. Vans and drones in Zurich, Retrieved 05-28-2020, from https://www.mercedes-benz.com/en/vehicles/

transporter/vans-drones-in-zurich/

[11] Antwork. Adnet White Paper. Retrieved 11-05-2020, from https://www.antwork.link/build/pages/en.html

[12] Lahyani R. and Khemakhem, Mahdi, and Semet Frédéric. Rich vehicle routing problems: from a taxonomy to a definition,
from https://doi.org/10.1016/j.ejor.2014.07.048

[13] Max Leyerer, and Marc-Oliver Sonneberg, and Maximilian Heumann, and Michael H. Breitner. Decision support for
sustainable and resilience-oriented urban parcel delivery, from https://doi.org/10.1007/s40070-019-00105-5

[14] Maurizio Bielli, and Alessandro Bielli, and Riccardo Rossi. Trends in models and algorithms for fleet management, from
https://doi.org/10.1016/j.sbspro.2011.08.004

[15] Chase C. Murray, and Amanda G. Chu. he flying sidekick traveling salesman problem: Optimization of drone-assisted
parcel delivery, from https://doi.org/10.1016/j.trc.2015.03.005

[16] Asma Troudi, and Sid-Ali Addouche, and S. Dellagi, and Abderrahman El Mhamedi. Sizing of the Drone Delivery Fleet
Considering Energy Autonomy. Journal of Retailing, Volume 91, Issue 2, Pages 174-181, from https://doi.org/10.

3390/su10093344

[17] hibbotuwaw, A., and Nielsen, P., and Zbigniew, B., and Bocewicz, G.. Energy Consumption in Unmanned Aerial Vehicles
- A review of energy consumption models and their relation to the UAV routing. Retrieved 02-07-2020.

[18] N. Kemal Ure, and Girish Chowdhary, and Tuna Toksoz, and Jonathan P. How, and Matthew A. Vavrina, and John
Vian. An Automated Battery Management System to Enable Persistent Missions With Multiple Aerial Vehicles, from
https://doi.org/10.1109/TMECH.2013.2294805

[19] Marco Alderighi, and Alessandro Cento, and Peter Nijkamp, and Piet Rietveld. Assessment of New Hub-and-Spoke and
Point-to-Point Airline Network Configurations. https://doi.org/10.1080/01441640701322552

[20] Paolo Malighetti, and Gianmaria Martini, and Renato Redondi, and Davide Scotti. Air transport networks of global
integrators in the more liberalized Asian air cargo industry. https://doi.org/10.1016/j.tranpol.2019.04.021

[21] Marco Alderighi, Alessandro Cento, Peter Nijkamp, Piet Rietveld. Assessment of New Hub-and-Spoke and Point-to-Point
Airline Network Configurations. Transport Reviews Volume 27, 2007 - Issue 5: Transport Networks and Spatial Choices:
A European Perspective, from https://doi.org/10.1080/01441640701322552

[22] Reza Zanjirani Farahani, and Nasrin Asgari, and Nooshin Heidari, and Mahtab Hosseininia, and Mark Goh. Covering
problems in facility location: A review, from https://doi.org/10.1016/j.cie.2011.08.020

[23] S. L. Hakimi. Optimum Locations of Switching Centers and the Absolute Centers and Medians of a Graph, from https:

//doi.org/10.1287/opre.12.3.450

[24] Vahid Majazi Dalfard, and Mojtaba Kaveh, and Nassim Ekram Nosratian. Two meta-heuristic algorithms for two-echelon
location-routing problem with vehicle fleet capacity and maximum route length constraints, from https://doi.org/10.

1007/s00521-012-1190-0

[25] Viet-Phuong Nguyen, and Christian Prins, and Caroline Prodhon. Solving the two-echelon location routing problem by a
GRASP reinforced by a learning process and path relinking, from https://doi.org/10.1016/j.ejor.2011.07.030

[26] Younes Rahmani, and Wahiba Ramdane Cherif, and Ammar Oulamara. The two-echelon multi-products
location-routing problem with pickup and delivery: Formulation and heuristic approaches, from url-
https://doi.org/10.1080/00207543.2015.1040127

[27] Aiguo Patrick Hu, and Chao Liu, and Hao Leo Li. novel contactless battery charging system for soccer playing robot,
from https://doi.org/10.1109/MMVIP.2008.4749606

[28] Ali Bin Junaid, and Aleksey Konoiko, and Yahya Hashem Zweiri, and Lakmal Seneviratne, and Lakmal Seneviratne. Au-
tonomous Wireless Self-Charging for Multi-Rotor Unmanned Aerial Vehicles, from https://doi.org/10.3390/en10060803

[29] Michael Kuby, and Seow Lim. Heuristic algorithms for siting alternative-fuel stations using the Flow-Refueling Location
Model, from https://doi.org/10.1016/j.ejor.2009.09.032

[30] Sung Hoon Chung, and Changhyun Kwon. Multi-period planning for electric car charging station locations: A case of
Korean expressways, from https://doi.org/10.1016/j.ejor.2014.10.029

[31] Koji A. O. Suzuki, and Paulo Kemper Filho, and James R. Morrison. Automatic Battery Replacement System for UAVs:
Analysis and Design, from https://doi.org/10.1007/s10846-011-9616-y

[32] Kurt A. Swieringa, and Clarence B. Hanson, and Johnhenri R. Richardson, and Jonathan D. White, and Zahid Hasan,
and Elizabeth Qian, and Anouck Girard. Autonomous battery swapping system for small-scale helicopters, from https:

26



//doi.org/10.1109/ROBOT.2010.5509165

[33] Abdul-Kader, Walid. hree-Dimensional Knapsack Problem with Pre-Placed Boxes and Vertical Stability. Master Thesis
University of Windsor. Retrieved 14-01-2021, from https://scholar.uwindsor.ca/etd/4987

[34] Remiomo Sowon. Knapsack Problem, Retrieved 08-01-2021, from https://github.com/remiomosowon/pyeasyga
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Literature Review
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Globalization and the open web market have led to an increase in the transport of goods. It allows people
to order goods from anywhere, to anywhere in the world. It caused an exponential rise in the demand for
product deliveries. Together with urbanization and higher demand for e-commerce, traffic in cities increase,
which naturally causes higher carbon dioxide (CO2) emissions. Sustainable public transport networks are
initiated, addressed, and even operative in some cities with progressive forward-thriving policies. However,
the initiatives taken in the sustainable delivery of goods is lagging (1.1). An emerging topic as anticipation to
deliver more parcels in congested areas in a rather sustainable matter is delivery by drones (1.2). Creating a
new business model involves many uncertainties. Observing such uncertainties and risk factors that come
along can be observed by using the repeated random sampling technique (1.3). The chapter is concluded to
determine the main focus of this project (1.4).

1.1. City logistics
City logistics focuses on optimizing the transportation of goods in urban areas, also called last mile delivery.
It is targeted to provide an effective and efficient freight distribution in congested areas taking into account
safety, environment, and congestion [23]. Knowing the expected trends to occur in city logistics will enable
the transport industry to anticipate on the challenges it is facing. Councils and governments are taking mea-
surements to stimulate sustainable solutions for last mile delivery, as global pressure is getting stronger to
reduce pollution and generated emissions [2]. Which is a result from global urbanization. Cities represent
about 2% of the geographical space, produce 80% of Greenhouse Gasses (GHG) and emissions, and use 80%
resources [24]. Currently, 54% of the population live in cities that are expected to rise to about 66% by 2050
[1]. By 2100, it is even expected that the world’s urbanization goes up to 85%. From this, the demand for
smart cities rises (1.1.1). However, anticipating just on the expected change in policies will not cover the
complete change in last mile delivery. Expectations from the consumers are changing as well (1.1.2) as the
strong increase in demand for e-commerce that both will impact last mile delivery (1.1.3).

1.1.1. Smart City
Smart cities are often referred to as the integration of technology in the development of cities [25]. Smart
cities are used to overcome the issues from urbanization and global climate change [26]. A liveable and sus-
tainable city would be the main long term objectives.

Smart city projects are generally large capital investments that tend to change societal and environmental
matters [27]. Therefore, these projects are hard to realize. They cannot be adopted abruptly by the cities as
they can have an impact on the safety and habitats of people [28]. Hence, these projects are naturally ad hoc
projects to transform cities into smart cities in a gradual manner. It is, therefore, hard to accurately identify
and produce the desired social outcomes [29]. For example, Songdo City (Korea) is considered as the first
smart city that started investing in sustainable solutions for over a decade ago, but they still have not seen the
desired outcomes yet [30].
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Urbanization is a dominant influencer on the needs of resources and services in dense areas [1]. It causes a
rapid growth in the demand for last mile delivery that uses mainly road traffic. Freight transport is, therefore,
mostly responsible for externalities in cities related to delivery. According to the EU definition, externality
also referred to as external cost, is caused by one group of people that does not compensate or entirely ac-
count for the impacts of its economic or social activities on another group. In addition, there are different
carriers and logistic service providers that provide last mile delivery services that create an uncoordinated
traffic flow of transported goods resulting in high externalities, a high number of routes, low load factors of
vehicles, and high operational costs.

As a result, councils and governments are taking measurements and policies to fight the externalities [31].
The European Commission, for example, formulated the objective of a free CO2 urban logistics system by
2030 [3]. As a result, the government of Hamburg took a free-diesel zone policy in notion, and Paris created
a number plate scheme to determine which cars are allowed to transport in some time windows. These
policies can have a significant impact on the delivery services of freight transporters. Hence, their demand
to find sustainable solutions regarding last mile delivery is rising as a response to the market changes and
governmental policies.

1.1.2. Urban trend
Over the past ten years there changed three independent factors that influenced the expectations of the con-
sumers 1) 20 times more people carry a phone in 2018 relative to 2008; 2) global urbanization, and; 3) internet
retail sales increased in ten years from $290.4 billion to $1.6 trillion in 2018. All these three facts importantly
contribute to the way the transport and logistics industry is trying to adapt to meet the rising expectations of
the consumers. The accessibility provided by the internet that is available on the phone has created unprece-
dented connectivity that generated new business models. Companies seek new opportunities to capitalize by
anticipating the connectivity that has resulted in new markets that are indispensable today, for example, on-
line food delivery. Consumers are wealthier and purchase more online. Simultaneously, they are prioritizing
to ease their daily tasks and desire to have more input in when, where, and also how the products are being
delivered. The consumers prefer a more sustainable and environmentally friendly transport service, even if
this means an increase in service price [32].

1.1.3. E-commerce trend
Brick-and-mortar retail is the gratification of consumers to touch and feel their purchases in advance. Ser-
vices of online retailers, large product selection for lower prices, made consumers shift more towards e-
commerce. Canada saw a growth rate in e-commerce of 21.1% in 2020 [33]. Globally, over the past five years,
online purchases have grown annually with a rate of 20%, and estimates show that this trend will continue
to grow. These numbers did not even take into account the pandemic of 2020, which was or still is a ma-
jor stimulus for e-commerce growth. This boost is changing the logistics industry resulting in new business
models. Some retailers already started shifting towards the strategy of omnichannel retailing. According to
[34], omnichannel retailing is defined as a strategy to meet the consumers’ demand by using and synchro-
nizing inventory with its logistics distribution and other available channels. Amazon is adopting this strategy
by anticipatory shipping and local warehousing to reduce lead times. They are trying to change their supply
chain to an anticipatory mechanism such that products are being transported to consumers before they have
been purchased. The other strategy that is being pursued by Amazon is the integration of local distribution
centers to realize one hour delivery in the United Kingdom [35].

DHL is also considering the changing trends and published in 2019 its award-winning white paper about
shortening the last mile delivery [36]. It presented four different strategies that, in the opinion of DHL, should
be taken into account considering the e-commerce trends. They suggest to adopt flexible delivery services,
that is a demand-driven change, to overcome courier shortages in the final stage of the supply chain, the last
mile delivery. In particular during national holidays and commercial holidays to cope with the-commerce
purchases peaks. As stated before, consumers start to have higher demands for transportation services. To
anticipate this trend, DHL suggests to adopting flexible delivery services that will transform and innovate the
service of logistic providers in the final stage of the supply chain, the last mile delivery. Parcel lockers, ser-
vice points, and electric vehicles are some examples that could facilitate this change. It is a demand-driven
change, that becomes a higher priority considering courier shortages and the fact that the last mile delivery
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is the least efficient and the most expensive leg of the total supply chain [37]. The second trend is shown by
considerably higher e-commerce purchases during national holidays and commercial holidays. As a result,
DHL suggests creating a more agile operating model to anticipate the challenges that come along with sea-
sonal logistics. They call it an elastic business model where the last mile should encounter more resources
and couriers supplied by the internal inventory management. The changing behavior of consumers is ex-
pected to be more demanding. DHL concludes, similar like Amazon, to shift more to a localized distribution
network to shorten the lead team as a response to the changing trend in consumers’ behaviour.

A logistic provider can benefit from decentralizing its network to better its connectivity and its flexibility.
Besides the challenge in inventory management that comes along with decentralizing the one big warehouse
to multiple smaller warehouses. It also results in more frequent delivery transports that can be undesired in
congested areas [38].

1.2. Drone Delivery Network

Many studies discuss solutions to overcome the challenges in last mile delivery. Externalities, as discussed
before, is one of these common issues in urban areas that can be reduced with sustainable urban delivery
alternatives. Last mile delivery by freight tricycles, a bicycle that is designed for transporting loads, is one
solution that can overcome road restrictions that trucks are facing in urban and congested areas [39]. Other
vehicles, such as hybrid and electric vehicles, are also discussed [40]. However, tricycles still face the issue
of shortages in couriers, and other vehicles are still limited by traffic flows and congestion. On the contrary,
drones do not need couriers nor face congestion issues and thus overcome most of the last mile delivery chal-
lenges. It is, therefore, considered a promising solution for last mile delivery in urban areas. However, before
drones can be utilized as an efficient freight transporter in last mile delivery, it is mandatory to investigate
and exploit the design of a Drone Delivery Network first. Network strategies used by logistics operators are
used as inspiration for the Drone Delivery Network (1.2.1). Different design aspects discussed in literature are
explained in Subsection (1.2.2). The operational constraints of drones introduce other challenges in last mile
delivery such as a limited operational range (1.2.3). An optimal network design operates efficiently only if the
resources are utilized to their potentials. For example, maximizing the load factor of each vehicle (1.2.4) and
minimizing the distance travelled of each vehicle (1.2.5) should be considered.

1.2.1. Network Strategies

A carrier transports passengers or freight throughout its network. Several strategies exist to define the network
structure dependent on the carrier’s vision. The vision can, most commonly, be divided between a robust
network and an efficient network. The robust network is typically known as the P2P network that transports
passengers or freight directly from the origin to its destination. Such a network design can improve the sta-
bility, flexibility, and security of the operations. The direct flights reduce travel time, but naturally increase
operational costs as larger vehicle fleets are required to cover all routes. The efficient network is typically
known as a H&S network. It connects the different origin-destination nodes through an intermediate facility,
called a hub [41]. The H&S network provides carriers with higher densities, larger scopes, and bigger scales
of economies [42]. It allows for better connections between almost all origin-destination nodes with lower
number of routes. From Figure 1.1 it can be observed that a H&S network requires n - 1 routes, n represent-
ing the number of airports. On the other hand, utilization of this network implies extended travel times with
increased airport and route dependencies.
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Figure 1.1: Point-to-Point network versus a Hub-and-Spoke network

1.2.2. Drone Delivery Network Design Aspects
Finding optimal destination locations for the P2P network is vital for its performance as the destination lo-
cations will determine the coverage of the network. Similar for the H&S network it is vital to find the opti-
mal location of the hub when designing a distribution network to minimize the transportation costs for the
incoming and out-going traffic [19]. Covering problems define a static and deterministic approach. If the
demand is met within a specified duration, the demand is said to be covered. This problem can be divided
into the set covering problem and the maximal covering problem. The covering problem aims to obtain a
specified level of coverage while minimizing the facility location costs, and the maximal covering problem
determines the possibility of maximizing the demand coverage by considering the available located facili-
ties [43]. In practice, the set covering problems are potentially infeasible due to the usage of an exogenously
specified coverage distance. This has led to p-center problems. It implies a minimax problem as it has the
objective to minimize the maximum distance between the nearest facility to any demand node [44]. Another
common approach is finding a set of potential sites which is then used as input in a model to determine the
best sites [45]. There are numerous strategic decision approaches, but the most common approach for ur-
ban areas is a multi-criteria decision-making concept for location optimization of distribution centers [46].
Besides identifying the potential locations, this approach also includes evaluation criteria to determine the
optimal site.
Finding optimal hub locations for a H&S network in city logistics is also commonly discussed as the Two-
Echelon Location Routing Problem (2E-LRP). It has known customer locations and seeks for solutions re-
garding optimal locations of hubs, typically called satellites. This problem is formulated by literature with the
following notation 3/T /T , 3/T /T , and 3/T /T , where T represents a known location of the satellite, and T
represents unknown location of the satellite at least at one of the echelons. The problem is further elaborated
and expanded to number of facilities, sizes of the fleets, and to route optimization decisions. The most com-
mon variation studied, is called the Capacitated 2E-LRP (2E-CLRP). It has the same objective as the classical
2E-LRP, but with additional constraints. Each echelon consists of a fleet with capacity constraints. The au-
thors of [47], expanded the 2E-LRP to also consider fleet sizes while simultaneously minimize transportation
costs. More recently, Nguyen [48] introduced the common second stage location problem with capacity con-
straints that contains one Distribution Center (DC) of which its position is known prior. They formulated the
model with Integer Linear Programming (ILP) and with a Greedy Randomized Adaptive Search Procedure in-
cluding machine learning. The two-echelon problem is further elaborated by considering the following three
constraints simultaneously on the second level, pick-up and delivery, multi-product, and usage of processing
centers as satellites [49]. The first level aims at finding the location of the satellites, based on a set of potential
locations, at minimum costs. The second level has the objective to minimize the route costs and to assign
customers to the satellites. This problem is proposed to solve smaller-scale instances with an MILP model in
a Cplex solver.

Designing a logistics network should consider the functional and physical aspects of the distribution net-
work. Such aspects consider fleet management, compositing, and sizing of the transportation fleet [50]. Each
of these matters can interchangeably influence each other. It is worth regarding these interdependencies
to optimize the efficiency of the network. Optimizing the flow of goods is another aspect that can increase
the efficiency of the network by taking into account different parts of the supply chain. The cross-docking
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strategy optimizes the flow of goods by considering interdependencies between the incoming and outgoing
goods, for example [51]. It uses intermediate facilities where goods are directly loaded from inbound vehi-
cles to outbound vehicles, it does not contain inventory [52]. The capacity of the outbound vehicle, when
replaced by drones, will significantly reduce and inherently have an influence on the fleet size [17].

1.2.3. Battery Management
The limited battery cycle of a drone is a significant factor that negatively affects the drones’ utilization. More-
over, the inability could cause damage to the drone, or worse, it could injure people when flying over popu-
lated and highly congested areas. It is, therefore, essential to take into account a battery management strategy
to be able to create a profitable UAV delivery network.
Several methods are discussed in literature to anticipate the limited battery life cycle. Hu et al. [20] discuss
the possibility of contactless charging, for example. The method is, however, constrained in line-of-sight op-
erations, high system costs, and low charging efficiencies [53]. A more common discussed topic in literature
is supplying the network with recharging stations. The authors of [21], aimed to find the optimal locations
of the refueling stations by using three heuristic algorithms. A greedy-algorithm, together with a genetic-
algorithm, is applied to the model that shows efficient and effective results. [54] applied the FRLM in Korea to
optimize the vehicle-flow of electrical cars. They define a case study to discuss the formulated multi-period
optimization model, the backward-myopic method, and the forward-myopic method. In general, the multi-
period optimization model performs better but shows longer computational times as the model increases.
Therefore, the authors advise the backward-myopic method for large problems. Hong et al. [18] applied the
FRLM method to a UAV delivery network. They designed a delivery network with recharging stations in its
infrastructure. The network is based on a coverage model. In other words, the ground stations and recharging
stations are located such that all customers are covered within the drones’ vicinity. A spatial heuristic solution
technique is used to find the optimal locations of the recharging stations.
Literature raised attention to battery swapping to improve utilization of drones in response to the demand-
ing charging times discussed in FRLM methods. Suzuki et al. [22] propose a ground station that can swap
batteries of a heterogeneous fleet under high-coverage requirements. Ure et al. [55] designed a battery main-
tenance system that allows to automatically swap the depleted battery with a replenished battery at a ground
station while charging other batteries simultaneously [56]. Moreover, FRLM methods could be used to find
optimal locations of such battery swap facilities.

1.2.4. Knapsack Problem
The Knapsack Problem aims to maximize the number of packages that can be carried by an object. The max
capacity weight and max dimensions limit the number of packages the object can carry. The 2D Knapsack
Problem 0-1 tries to maximize the value it can carry without exceeding the max capacity in terms of weight.
Each item it can carry has a value and a weight (kg), the two dimensions [57]. The 3D Knapsack Problem 0-1
has the same objective but with volume as an extra dimension taken into account. Which is, therefore, more
accurate as objects have fixed dimension constraints. The knapsack problem does, however, not consider
optimal package placement by taking into account the length, height, and depth individually as well. This is
rather a complex study which will be out of the scope for the project. Therefore, it can be assumed that all
packages have a perfect fit in the object by only considering the volume.

1.2.5. Vehicle Mileage
Decisions that ensure on-time delivery encompassing scheduling plans and routing encounter the opera-
tional aspects of a logistics network. These optimization problems, minimizing vehicle millage and maxi-
mizing distribution efficiency, are well known and categorized as Vehicle Routing Problems (VRP). There are
many different VRP models, each with other constraints and different approaches. The majority focuses on
cost minimization and the authors of [58] were the first ones to adopt this concept to a drone delivery net-
work. They presented a VRP problem, similar to Mercedes-Benz’s experiment [14], where drones pick-up
parcels and return after delivery to mobile depots, such as trucks. Some scientific researches consider the
different decision levels and analyze the impact on the distribution network. They recommend locating the
distribution centers outside the city center [61]. An alternative approach in minimizing the vehicle mileage
is by considering a single tour, rather than allowing the vehicle to perform a multiple route [62]. The optimal
single route to visit all destination nodes without vehicle capacity is called in literature TSP [63]. The goal is
to determine the shortest tour of n cities starting and ending in the same city, visiting each city exactly once.
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It is its most common used application for a tour in cities, but it is also applied in computer wiring [64] and
in wallpaper cutting [65]. Dantzig et al. [66] created one of the first formulations of the TSP, and Miller et al.
[67] introduced an alternative formulation to reduce the number of subtour elimination. A large number of
exact solutions have been proposed for the TSP, but since it is NP-hard, it is common to address the problem
by means of heuristic algorithms [68].

1.3. Monte Carlo Simulation
MCS is a type of simulation that uses repeated random sampling to estimate outcomes influenced by uncer-
tain events. In other words, it is a probability simulation that calculates the outcome hundreds, thousands, or
ten thousands of times by using each time a different set of random numbers as input. This approach allows
one to understand the impact of uncertainty and risk factors which show the most likely outcomes for that
specific scenario [69]. It is particularly applicable to experiments for which the outcome is unknown. It al-
lows the experimenter to apply different scenarios to enable a so-called what-if analysis. Each scenario allows
the experimenter to methodologically investigate a range of outcomes that applies to a risk scenario without
forcing the experimenter to go through each input parameter and the corresponding outcome individually.
The what-if analysis consists of the most likely scenario, the worst possible scenario, and the best possible
scenario. The most likely scenario is the base case for which risks factors are not considered for the input
parameters. The uncertainty of various external factors that have an influence on the input parameters are
considered for the worst case scenario and the best case scenario.
Rather than identifying each input value individually, MCS is used to create a statistical probability distribu-
tion for the entire set of input parameters. It creates random samples of the input parameters based on the
probability distribution which will be different for every run simulation [70]. It is a realistic way of describing
uncertainty in variables of a risk analysis.
The authors of [71] performed a probabilistic analysis for a reduced number of MCSs to optimize the frame-
work of the design of UAV. Y. Jenie et al. [72] applied MCS for safety assessment for UAV operations in a high
density airspace environment. A more similar study to this research is presented by the authors of [73]. They
aim to maximize the demand served by drones while considering the uncertainties in battery consumption.
While doing so, the model is tasked to locate a pre-specified number of facilities with assigned drones con-
sidering range constraints. The model uses a given set of spatially distributed demand with drones serving as
delivery vehicles and a potential set of facility locations. The drones have a one-mission task, pick-up com-
modity from facility, deliver at destination, and return to origin until the available battery energy is exhausted.
The authors propose an ILP formulation with a penalty-based approach for battery energy availability. The
ILP outcomes are tested using MCS with coverage under uncertainty to add robustness to the deterministic
problem.

1.4. Conclusion
The logistics industry is facing the challenge of finding new last mile delivery solutions considering urban-
ization, e-commerce growth, and sustainability [32]. However, the decreasing size of packages and direct-
to-consumer deliveries increase freight movements [23]. Hence, the logistics industry is investigating in last
mile delivery services executed by drones for over seven years. From studies, experiments, and investigations
from industry it can be concluded that the design of the drones is not the issue [5], [6], [7], [8], [9], [10], [11],
[12], [13], [14], and [15]. Instead, there is little known to the optimal design of a Drone Delivery Network.

Long-term decisions to the design of a logistics network incorporate network strategies. Such high-level de-
cisions define the necessity of facilities, potential locations, sizing, and the number of facilities [16]. Ware-
house planning becomes important if it is decided that facilities are desired. At such facilities it is essential
to consolidate freight and to merge operations to improve the provided service and to reduce costs [74]. A
cross-docking strategy is commonly used to improve the flow of goods in distribution networks [52]. Finding
the optimal location and size of such facilities are key factors to an optimal delivery network.

Mid-term decisions relate to the functional matters of the logistics network, such as fleet management. Fleet
sizing and composition of the fleets ensure the logistics provider to meet the demand with its fleet. However,
the limited battery life span of drones could negatively impact the utilization of the fleets [55]. Contactless
charging, battery swap, or facilitating the network with recharging stations are proposed to compensate for
the operational constraints of the drones.
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Short-term decisions aim to maximize the distribution efficiency of the network. Efficient utilization of a net-
work involves maximizing a vehicle’s load factor, called Knapsack Problem, and minimizing vehicle mileage
[58]. Minimizing vehicle mileage can be addressed by either allowing the vehicle to perform a multiple route
with capacity constraints, called VRP, or by allowing the vehicle to find the shortest single tour without capac-
ity constraints, called TSP.
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This section defines the scope of the thesis. It describes the main research question that can be answered by
the aid of multiple sub-questions that each can be subdivided into higher detailed questions (2.1). Subse-
quently, the eventual project goal is defined by specifying the main objective followed up with sub-goals that
are to be accomplished to achieve the ultimate goal of the project (2.2).

2.1. Research Question(s)
The main goal of this project is to define a Drone Delivery Network that can be used as an extension to the
supply chain of a logistics operator’s network. The Drone Delivery Network is specifically aimed for utilization
of drones with the purpose of parcel delivery to end-consumers. Therefore, the main research question, that
has to be answered to reach the project goal, can be defined as follows:

What is the design of a Drone Delivery Network and how should it be configured to ensure delivery to the
end-consumer in metropolitan areas under cost minimization such that a profitable Drone Delivery

Network can be adopted to the network of logistic operators?

Trying to solve the main research question requires to answer the following sub-questions first:

1. What network strategy, P2P or H&S, would be the best fit for the Drone Delivery Network?

2. What facilities are needed for the UAV delivery network?

• What is the most convenient location of the facility, or facilities?

• How many facilities are needed to meet the demand?

• Does the UAV delivery network require inventory facilities, or is cross-docking operations more
desired?

3. What is the best fleet composition, and how should it be set-up to ensure a profitable fleet that can
meet the demand?

• How many drones are needed to meet the demand?

• Is the fleet going to be homogeneous or heterogeneous?

• Are the drones going to be subdivided and assigned to different districts?

– If so, how many drones per district?

4. What is the strategy to maximize the vehicle utilization regarding battery life span?
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• Is it needed to facilitate the network with mini charging depots, or are the drones going to be
charged at the warehouse(s)?

• Is it feasible to conduct battery swapping rather than charging?

• How many batteries are required in stock in order to facilitate either the swapping strategy, or in
case of failures?

5. How to improve utilization efficiency of the network?

• How is the network able to maximize the vehicle’s load factor?

• How is the network able to minimize the vehicle mileage?

2.2. Research Objective
The main research objective of this thesis is to achieve a profitable Drone Delivery Network that can easily be
adopted to any existing commercial supply chain providing B2C service in the last part of the supply chain.
By means of identifying the network strategy, different facilities, compositing the fleet management, battery
strategy, and optimal utilization matters.

The main objective of this thesis can be achieved by accomplishing the following sub-goals:

• understanding city logistics;

• understanding different available facilities and their pros and cons;

• finding feasible location(s) for the facilities;

• understanding the differences in pros and cons between inventory management versus cross-docking;

• understanding the drones’ capabilities and constraints;

• understanding different battery management strategies;

• finding a framework to design the Drone Delivery Network;

• formulating framework to assess feasibility and profitability of the Drone Delivery Network design.
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Model Formulations

This chapter is used to explain the generic framework that allows to find the optimal design of a Last Mile
Delivery Network. The model is presented as a sequential framework that addresses the design of a logistics
network in Section (3.1). The assigning algorithm is explained by the hand of a flowchart in Section (3.2).

3.1. Framework Formulation
A sequential framework is used as it allows to address the Knapsack Problem, Facility Assignment, TSP, and
package to drone assignments by using binary decision variables. The objective of the network model is to
solve each of the problems individually to minimize the operational costs of the network. It is assumed that
the:

1. order size;

2. destination locations;

3. quality of service;

4. number of Inbound Vehicles;

5. number of Outbound Vehicles;

6. vehicle capacity; and

7. number and locations of Intermediate Facilities;

are given. The sequential framework allows to address the configuration of a P2P network and to design a
H&S network strategy. If there are no intermediate facilities nor inbound vehicles, the model considers the
P2P network strategy and delivers packages directly from origin to destination. Otherwise, the model consid-
ers the H&S network strategy where packages are distributed over intermediate facilities at which outbound
vehicles deliver the packages from the intermediate facility to the destination. The P2P network can, there-
fore, be considered as a sub-problem of the H&S network, only package to outbound vehicle assignment is
relevant, indicated by the yellow box in Figure 3.1. The remaining part of this section focuses on the sequen-
tial framework used for the H&S network.
The framework uses a set of candidate locations of intermediate facilities and a set of destination locations,
both given in a csv-file. The locations are selected based on market research with a main focus for popula-
tion density, employment, and feasibility. The other inputs are manually given to the framework where the
operator decides how the demand of orders is distributed over a set of time windows. See box A in the design
framework in Figure 3.1.
This input is used to find the optimal intermediate facility locations which is indicated with box B in Figure
3.1. A binary integer linear programming model is formulated to assign each order to an intermediate facility.
The model selects the intermediate facility based on minimum distance between origin, intermediate facility
and destination for each order individually. This approach is chosen to find strategic locations of the facilities
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to increase efficiency of the network by having a higher catchment area from each intermediate facility with-
out a potential significant increase in operation costs - i.e. distance. The process is done numerous times
by the principal of repeated random sampling, which is the formulation of the MCS. The average number
of packages distributed per intermediate facility gives the operator a good indication whether the candidate
point is selected, if at all, and how frequent.
The operator can change the csv-file to only keep the relevant intermediate facility based on the run MCS.
This is the only change in input, at box 1, used for the sequential framework, called configuration, on the right
side of Figure 3.1.
The model is designed to maximize the sum of the values of the packages the inbound vehicle can carry. This
integer linear programming problem is known as the Knapsack Problem, see box 2 in Figure 3.1. It considers
the value, weight, and volume of each package. Each order has a value, based on package valuation, to allow
the model to prioritize packages. The weight and volume are used to meet the capacity constraints. It does
not, however, consider the destination locations. It is assumed that inbound vehicles are designed to carry
many packages relative to the outbound vehicles, distances between intermediate facilities are small, and
the demand is not big enough that outweighs the first two assumptions. In other words, it is assumed that
the number of packages an inbound vehicle has to carry every trip is not large enough for it to be efficient
to carry only packages designated to one set of intermediate facilities. The total average delivery duration
is assumed to be shorter when the inbound vehicle carries all packages irregardless of the destination loca-
tions rather than bringing a part of packages to a set of intermediate facilities and coming back to deliver the
remaining part of packages to the other set of intermediate facilities. The Knapsack Problem is an NP-hard
combinatorial optimisation problem. The computation time increases with increasing number of packages.
It is, therefore, proposed to use pyeasyga, a Genetic Algorithm, to solve multidimensional knapsack problems
instead of exact solutions [59].
The framework uses the destinations of the assigned orders to determine to which intermediate facility each
package should be distributed to, see box 3 in Figure 3.1. The same binary integer linear programming model
is used as for the design in box B in Figure 3.1. Thus, the model assigns the facilities to the inbound vehicle
based on the shortest distance per order. Not the shortest distance of all orders together. Because the net-
work would otherwise always assign all orders to only one intermediate facility. It would take away the entire
principal of having a H&S network at the first place. Since a H&S network is designed to avoid congestion
allowing to scale the network. That is why the Network Model is depicted in two parts where the operator
can decide first, based on the MCS, which intermediate facility is the most optimal location while taking into
consideration how frequently the intermediate facility is used based on the given scenario. Following, this
input is purely used by the configuration to determine to which facility each order should be distributed to
individually.
The model aims to find one route with minimum distance given all locations the inbound vehicle must visit
to distribute all packages. This integer linear programming problem is known as the TSP indicated by box 4
in Figure 3.1. The computation time increases significantly when the number of locations to be visited in-
creases. Therefore, instead of using an exact solution. It is proposed to use Machine Learning, Randomized
Optimization and SEarch (mlrose), a randomized optimization and search algorithm, for solving the TSP that
is NP-hard by nature [60].
The model assigns an available outbound vehicle to the orders that arrived at the designated facility. The
binary integer linear programming model is called the Outbound Vehicle Assignment indicated by box 5 in
Figure 3.1. The Vehicle Assignment would have been the only problem if the network was not facilitated with
intermediate facilities nor with inbound vehicles.
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Figure 3.1: Flowchart Network Model

3.1.1. Package Valuation

The model is facilitated with a package valuation tool to allow the network to prioritize packages at the Knap-
sack Problem and Vehicle Assignment, box 2 and box 5 respectively, in Figure 3.1. It is assumed that the
network uses two service types, Xpress and Normal. If there is no distribution given, it is assumed that the
model has a uniform distribution between Xpress service and Normal service when assigning a service type
to an order. The Xpress service is tailored for customers with desires for quicker delivery services. Late deliv-
eries are thus higher penalized for orders with Xpress service than orders with Normal service.
The value is based on the service type and and on the due delivery. Due delivery is the minutes that are re-
maining before the package should depart from the facility for on-time delivery. Xpress should be prioritized
over Normal, and on-time delivery should be prioritized over late-delivery. Bluntly following this approach
has, however, the possibility that packages that exceeded the due delivery time will never be delivered. Hence,
the model uses a score system. The package with the highest score will be prioritized. Only the order with
the highest valuation will be considered to an available drone, else wise the order is put on hold. The package
is rewarded with 50 or 10 points for having the Xpress service or Normal service respectively. Both services
gain 50 points, if the package has a due delivery bigger than zero - it is estimated to be delivered on time. If
the Xpress service package has a delay of x minutes, it is penalized with x3 points. The package with Normal
service is penalized with (0.5y)2 points with y delayed minutes. The red line in the plot shown in Figure 3.2
indicates the relation between the amount of minutes for each service it is required to be prioritized over the
other. In other words, the area above the red line indicates the amount of delay it is required for the package
with Normal service to be prioritized over the package with Xpress service.
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Figure 3.2: Relation between an Xpress package with delay and a Normal package with delay

Some key examples are withdrawn from the graph, see below:

• Xpress without delay is prioritized over Normal without delay;

• Normal with ≥ 20 minutes delay is prioritized over Xpress without delay;

• Normal with ≥ 65 minutes delay is prioritized over Xpress with 10 minutes delay;

• Normal with ≥ 179 minutes delay is prioritized over Xpress with 20 minutes delay; and

• Normal with ≥ 15 hours and 30 minutes delay is prioritized over Xpress with 60 minutes delay;

3.1.2. Mathematical Formulation
The order of the sequential framework indicated by Configuration in Figure 3.1 will be used in this subsec-
tion as a guideline. It covers the Facility Assignment of the design model and it covers the Outbound Vehicle
Assignment that is relevant for both P2P and H&S network.

The total number of orders used by the model is indicated by the letter O. The set of orders can be distributed
as desired by the operator over different time windows w (w ∈ W). Each order o (o ∈ O) has a destination node
d (d ∈ D) and a quality of service q (q ∈ Q). Depending on the chosen network strategy, the network will be
equipped with inbound vehicles I and intermediate facilities F. The set of outbound vehicles is indicated by
B.

The model has four binary decision variables. If order o is assigned to outbound vehicle b, the binary decision
variable mo,b = 1, and 0 otherwise. When the network is facilitated with inbound vehicles and facilities, the
decision variable po,i = 1, if order o is assigned to inbound vehicle i, otherwise it is 0. The decision variable
uo, f = 1 if facility f is assigned to order o, 0 otherwise. When determining the optimal route of the inbound
vehicle, the decision variable xk,l = 1 if the route goes from facility k to facility l, otherwise it is 0. The objective
of the sequential framework is to minimize the operating cost, which is defined in terms of delivery duration
co , and in terms of ground time of the inbound vehicle and outbound vehicle, ei and gb , respectively. The
model solves problems sequentially to minimize these costs. The mathematical formulation of the network
model is given below and followed with the mathematical formulation of each problem individually.
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Sets:
O: Set of orders
W: Set of time windows
D: Set of destination nodes
Q: Set of service
I: Set of inbound vehicles
F: Set of intermediate facilities
B: Set of outbound vehicles

Subsets:
J: Subset of F
S: Subset of O

Decision Variables:
mo,b : 1 if order o is assigned to outbound vehicle b, 0 otherwise
po,i : 1 if order o is assigned to inbound vehicle i, 0 otherwise
uo, f : 1 if order o is assigned to facility f , 0 otherwise
xk,l : 1 if the path goes from facility k to facility l, 0 otherwise

Parameters:
Pi : max payload inbound vehicle i
Pb : max payload outbound vehicle b
Vi : max volume inbound vehicle i
Vb : max volume outbound vehicle b
Ri : max range inbound vehicle i
Rb : max range outbound vehicle b
Ni : minimum load factor for inbound vehicle i
Ui : minimum number of orders that the inbound vehicle i must carry
wo : weight of order o
vo : volume of order o
zo,i : value of order o assigned to inbound vehicle i
yo,b : value of order o assigned to outbound vehicle b
ro, f : distance of order o from origin to facility f to destination
rb : distance of outbound vehicle b from origin to destination
hk,l : distance from facility k to facility l
ao,w : arrival time of order o in time window w
do : destination node of order o
qo : quality of service for order o

Output:

c0: total delivery duration per order o
ei : total ground time per inbound vehicle i
gb : total ground time per outbound vehicle b

3.1.3. Knapsack Problem
The model is designed to maximize the sum of the values of the packages the inbound vehicle carries, so
that the sum of the weight and volume of the assigned packages is less than the weight capacity and volume
capacity of the inbound vehicle. However, in the occasion that there are not enough orders to fill the inbound
vehicle, the inbound vehicle should stay grounded. Even though it is desired to minimize the ground time of
all vehicles, it is not efficient nor optimal to transport the inbound vehicle with a low load factor. The model
is, therefore, proposed with a minimum load factor constraint for the inbound vehicle, see Equation 3.1a.

∑
o∈S

1 ≥Ui , S ⊂O, ∀i ∈ I (3.1a)

With Ui = Ni

100%
·Pi , ∀i ∈ I (3.1b)
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O is the daily set of orders and S is a subset of O which indicates the orders that are at a specific moment in
time present at the facility. Ui is the minimum number of orders that the inbound vehicle should carry at
least. It is determined from the given load factor Ni that is a ratio of the max paylaod of the inbound vehicle
as shown in Equation 3.1b. Only, and only if, Equation 3.1a is met, the model will assign orders to the inbound
vehicle according to Problem 3.2:

M ax
∑

o∈O
zo,i ·po,i , ∀i ∈ I (3.2a)

Subject to
∑

o∈O
wo ·po,i ≤ Pi ∀i ∈ I (3.2b)∑

o∈O
vo ·po,i ≤Vi ∀i ∈ I (3.2c)

The objective function of the Knapsack Problem is explained by Equation 3.2a. The value of each package is
described by zo , which is valued according to the previous explanation. The decision variable po,i ensures
that only the assigned orders will be taken into account. The sum of the weight wo and volume vo of all
assigned orders must be within the max payload Pi and max volume Vi capacity of the inbound vehicle as
indicated by Equation 3.2b and Equation 3.2c, respectively.

The problem is solved sequentially per available inbound vehicle. In other words, the model assigns orders to
each inbound vehicle until there are no more available inbound vehicles left. It implicates a better approxi-
mate of the network performance than guaranteeing that all packages are transported without a vehicle limit.
The performance will be an important indicator reflected in the ground time and delivery duration that can
be used as an indicator to determine the number of inbound vehicles required for the network.

3.1.4. Facility Assignment
The model is designed to minimize the total distance travelled per order. In other words, the model aims to
choose the facility with the lowest distance from origin to facility to destination. The facility assignment is
described below, see Problem 3.3:

Mi n
∑

o∈O

∑
f ∈F

ro, f ·uo, f (3.3a)

Subject to
∑
f ∈F

uo, f = 1, ∀o ∈O (3.3b)

The objective function minimizes the distance ro, f from origin to facility f to destination per order o, see
Equation 3.3a. It is assumed that the origin and destination of each order are given. The constraint ensures
that only one facility can be assigned to order o as indicated by Equation 3.3b. However, multiple orders can
be assigned to one facility. The decision variable uo, f can only have the value 1 if the facility is assigned to the
order, otherwise it is 0.

3.1.5. Traveling Salesman Problem
The inbound vehicle distributes packages over multiple facilities. The TSP aims to minimize the distance
travelled when doing such a tour. Given hk,l the distance from facility k to facility l is bigger than zero, the
TSP can be formulated as an integer linear programming problem, see Problem 3.4:

Mi n
∑

k∈F

∑
l∈F,l 6=k

hk,l · xk,l (3.4a)

Subject to
∑

k∈F,k 6=l
xk,l = 1, ∀l ∈ F (3.4b)∑

l∈F,l 6=k
xk,l = 1, ∀k ∈ F (3.4c)∑

k∈J

∑
l∈J ,l 6=k

xk,l ≤ |J |−1, J ⊂ F, |J | ≥ 2 (3.4d)
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The TSP aims to minimize the distance required to travel to cover only the assigned facilities, which is taken
into account by including the decision variable xk,l , see Equation 3.4a. The first constraint requires that the
inbound vehicle can reach a facility only from one prior facility, see Equation 3.4b. The second constraint
requires that the departure is exactly to one facility, see Equation 3.4c. In other words, the two constraints
ensure that the inbound vehicle can visit a facility and depart from a facility only once. With J a subset of F,
the last constraint ensures that the solution is a single tour and not a combination of multiple sub-tours as
indicated by Equation 3.4d.

The inbound vehicle has typically a larger range compared to the small distances it is required to cover be-
tween intermediate facilities in city logistics. It is, therefore, assumed that the inbound vehicle will be able to
complete each tour and it will have full range at each start of the tour.

3.1.6. Outbound Vehicle Assignment
The model aims to maximize the value of the package it assigns to the outbound vehicle. The valuation yo,b

is defined as explained before in Package Valuation 3.1.1. The assignment problem is given by Problem 3.5:

M ax
∑

o∈O

∑
b∈B

yo,b ·mo,b (3.5a)

Subject to
∑

b∈B
mo,b = 1, o ∈O (3.5b)∑

o∈O
mo,b = 1, b ∈ B (3.5c)

The objective function is described by Equation 3.5a that finds the match for an order o and an outbound
vehicle b with the highest valuation. The problem is given two constraints to ensure the objective function
indeed finds a match. Equation 3.5b indicates that each order o needs to be assigned to only one outbound
vehicle b, and Equation 3.5c indicates that each outbound vehicle b needs to be assigned to only one order
o. The outbound vehicle has limited space to carry packages. It is, therefore, assumed that it cannot carry
more than one package per trip. The decision variable mo,b can only have the value 1 if it is assigned and 0
otherwise.

Outbound vehicles are typically smaller vehicles with lower payload and lower volume capacity. The orders
must meet the requirements of the outbound vehicles as described by Equation 3.6 and Equation 3.7:

∑
o∈O

wo ·mo,b ≤ Pb , ∀b ∈ B (3.6)

∑
o∈O

vo ·mo,b ≤Vb , ∀b ∈ B (3.7)

The weight of the assigned order and the volume of the assigned order must be within the payload capacity
Pb and volume capacity Vb of the outbound vehicle. The weight of the order and the volume of the order are
described by wo and vo , respectively.

The distance rb required for the outbound vehicle to transport the order o from its origin to the destination
must be smaller than the range Rb of the corresponding outbound vehicle, see Equation 3.8.

∑
o∈O

rb ·mo,b ≤ Rb , ∀b ∈ B (3.8)

The origin is a given at this point in the sequential framework. For the P2P network it would be the distribu-
tion center, and for the H&S network it would be the facility as assigned by the model.

3.1.7. Assumptions
The network design model is assumed to be utilized with one-mission vehicles. The vehicles deliver all as-
signed packages at the designated destination and return to their origin for as long as the network is operative.
The operator can indicate the desired operation hours of the network with the quality of service. The model
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will stop running once it reached the closing time, irregardless where the vehicles are. The assumption is cho-
sen to understand how many packages the network is able to deliver until closing time including the entire
demand. All made assumptions are summed up below:

• Ground Time is calculated by subtracting Arrival Time from Departure Time ;

• Delivery Duration is calculated by subtracting Arrival Time Distribution Center from Arrival Time Des-
tination;

• Not delivered packages are all packages that did not arrive at the destination at the ultimate operation
time of the network, which is calculated by subtracting the total number of delivered packages from the
entire set of orders;

• Origin is fixed and known;

• Inbound vehicle departs only if it meets the minimum load factor constraint;

• Outbound vehicle departs only if it has at least one and at most one order assigned;

• Outbound vehicle cannot carry more than one order;

• All vehicles have one mission;

• All intermediate facilities can handle each an infinite number of orders simultaneously;

• All destinations are located next to a warehouse, it can store infinite number of packages ;

• Two or more vehicles can deliver a package at the same time at the same facility - at intermediate facility
and at destination;

• Outbound vehicle has full range after each trip;

• Total tour of the inbound vehicle is always within its range;

• Inbound vehicle has full range after completion of each tour;

• Set of facility locations, destination locations, and demand are given;

• All assigned packages to the inbound vehicle have a perfect fit - no optimal placement;

• The quality of service that the network provides is divided by an Xpress service and a Normal service;

3.1.8. Monte Carlo Simulation
It is assumed that the logistic operator has historical data available that can be used as a guideline for the
daily order size. A MCS is formulated to incorporate the impact of uncertainties and risk factors on the order
size by repeated random sampling for different scenarios. The simulation creates a set of orders based on the
given demand by the operator, indicated by O. Such data can be difficult to obtain by an operator, but it is
assumed that the logistic operator is able to extract historical data on a daily level. The simulation is provided
with a set of time windows, W, to allow the operator to have a more accurate estimate of arrival flows during a
day. The number of time windows and the size of each time window depends on the accuracy of the provided
data and the desired operating hours of the network. The probability distribution of order arrivals per time
window can be uniform, unless the operator has more accurate historical data. The random arrival time is
indicated by ao,w , with o the order and w a time window.
Even though the destination of each order is unknown, it is assumed that a set of destination locations is
given. The model selects a destination node for each order based on a probability distribution function (pdf).
The pdf will be determined by the population density and by the number of destination locations, D. Clus-
tering each of these matters per district allows the operator to determine the pdf of the destination locations.
The probability is a ratio of the population density relative to the total population density of all districts to-
gether. The district probability is divided by the number of destination locations in the district assuming that
the population density within each district is homogeneous and thus the definition of Uniform Distribution
applies. The randomly generated destination location do is given to each order o .
The system allows the operator to tailor the quality of service provided to its customers, Q. It is assumed that
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the quality of service a logistic provider wants to offer is given. Depending on how much the operator wants
to tailor its service to its consumers’ desires, the system will have a set of service types to assess the impact a
quality of service can have on the network. The operator can create a pdf based on the operator’s expectations
towards consumers’ desires per service type. Else wise, a uniform distribution is assumed. The simulation
assigns a service type qoto each order o based on the chosen pdf.

3.1.9. Assumptions MCS
The following assumptions apply to the distributions used by the MCS:

• If there is no distribution given, the model uses a uniform distribution for arrival times within a time
window;

• The model uses a uniform distribution for destination locations within the same district;

• If there is no distribution given, the model uses a uniform distribution between Xpress service and
Normal service.

3.2. Assigning Algorithm
This subsection explains how the assigning algorithm works and how it incorporates the problems formu-
lated by the sequential framework. The objective of the assigning algorithm is to assign an order to a vehicle
and subsequently to assign a facility to the vehicle’s destination. It is assumed that the input, shown in Sec-
tion (3.1), and the created list of orders, with each their corresponding service type and destination location
as explained in Subsection (3.1.8), are given to the assigning algorithm, see level 1 in Figure 3.3. The algo-
rithm uses the input to determine which network strategy is used by the operator at level 2. If there are no
Intermediate Facilities (I.F.) nor Inbound Vehicles (I.V.), the algorithm skips the first four steps and goes to
the process before box 7. If there are I.F. and I.V. the algorithm puts the order in a queue with all orders that
are present at the facility at that time. Afterwards, the algorithm checks for the availability of an I.V. at level
3. If there is no available I.V. the algorithm puts the order back in the queue. When there is an available I.V.,
it assigns a value to the order. Depending on the quality of service as desired and given by the operator, the
algorithm will assign different values to each order as explained in Subsection (3.1.1). The algorithm fits as
many packages as possible to the available I.V. based on the highest valuation of each package, at level 4. If it
does not fit, the algorithm puts the order back in the queue, otherwise the algorithm assigns the order to the
I.V.. The algorithm finds the facility closest between the origin and the destination and assigns this facility to
the I.V.. Subsequently, it checks if the vehicle has arrived at the designated facility, at level 5. If it did not arrive
it sends out the I.V. to its destination and drops all orders that are assigned to that facility. The algorithm de-
termines if the I.V. has another location to drop off packages. If so, it sends out the I.V. to the next destination,
else wise it moves the I.V. back to its origin, at level 6.
The algorithm puts all orders in the queue that are present at that moment in time for that specific facility,
which would have been the starting point for the algorithm if there were no I.F. nor I.V.. Following, the algo-
rithm gives a value to the orders present at the facility as described in Subsection (3.1.1). The O.V. can carry
only one package, so the algorithm assigns the order with the highest valuation only, see level 7. If there is
another order with a higher valuation it puts the order back in the queue. The order with the highest valuation
will be assigned to an available drone at level 8. If there is no O.V. available, the algorithm puts the order back
in the queue. After O.V. assignment, the algorithm sends the O.V. to the designated destination if the O.V. has
not arrived yet, see level 9. Upon arrival, the O.V. drops the order at the destination and returns to its origin.
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Figure 3.3: Flowchart assigning algorithm



4
Case Study

As of writing, there are no Drone Delivery Networks servicing the last part of a supply chain of an airline.
Moreover, it is more common for airlines to provide only airport-to-airport services or warehouse-to-warehouse
services. It is observed that the demand for e-commerce rises rapidly. Air Canada as a pioneer in its field, con-
tinuously strives for innovation and sustainable solutions while aiming to be the market leader. To anticipate
the growth in demand for e-commerce, the changing customer behavior and expectations, and the possibility
to potentially be the first in utilizing a Drone Delivery Network, made Air Canada decide to collaborate with
the researcher to find a competitive Drone Delivery Network in the City of Toronto.

Air Canada is currently not providing Business to Consumer (B2C) service, and transports only a small por-
tion of the e-commerce market. Considering the total addressable market in Canada as well as globally will
give a better understanding of the underlying opportunities (4.1). The origin and destination of the demand
are essential pieces of information to create an efficient network. The demographics of the city will, there-
fore, give a relative good insight in the demand nodes (4.2). Drones that deliver packages are designed to be
quick and efficient which makes the drones more competitive for home delivery services than other vehicles
in metropolitan areas. The beneficial characteristics come with a price. Drones have to compensate with its
maximum payload that is significantly smaller than that of airplanes and controversial trucks. It is able to
carry only a very specific part of the airline’s demand. The current demand of Air Canada is, therefore, care-
fully considered to get a better grasp of the demand that should be addressed by the Drone Delivery Network
(4.3). City logistics, airline networks, and other existing logistic providers network strategies are considered
for the Drone Delivery Network (4.4). Each network strategy requires different resources to facilitate the net-
work to meet the demand. It is essential to find optimal locations for the resources to create an efficient
network (4.5). The following two sections describe the applicable network strategies along with the required
components and how they are set-up (4.6), and (4.7). All assumptions are summed up in Section (4.8) and
the chapter is concluded in Section (4.9)

4.1. Market Research
From Section (1.1) key reasons were given to improve and invest in last mile delivery due to the increasing
expectations of consumers towards a seamless experience as they desire faster and more frequent deliveries.
In addition to the expectations, the consumers’ behaviour is also changing as they are moving more towards
online purchases. As a result, e-commerce has seen continuous growth over the past years, and its market
share of the total global retail sales is expected to grow up to 22% in 2023, see Figure A.1 in Appendix (A).
When considering the Canadian e-commerce market, an expected growth is anticipated per year reaching a
total $33 billion USD market by 2022, see Figure A.2 in Appendix (A). Which is 10% of the total market size
of courier, express and parcel of the year 2019, see Figure A.3 in Appendix (A). In addition to understanding
the growth potentials, it is vital to understand where the demand is coming from. It is interesting to observe,
from Figure A.4 and from Figure A.5 in Appendix (A), that the online purchases in Canada are mainly driven
by consumers in urban areas that desire home delivery services [75]. The growth in e-commerce is clear,
but it is only relevant for the project if the demand meets the package criteria that drones can carry. Figure
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A.6 in Appendix (A) indicates the distribution of package weights of online purchases. The results are found
from the survey with 34,500 respondents that show that half of the cross-border purchases weigh less than
0.5 kilograms and 90% of of the cross-border purchases are below five kilograms [76].
Even though the online purchases are rapidly growing every year. There is still a large group of people that
avoid cross-border purchases. More than 25% of this group does not proceed with cross-border purchases,
because they prefer lower to no shipping costs, see Figure A.7 in Appendix (A). Other barriers that concern
the consumers are long delivery times, uncertainty in actual deliveries, difficulties in returning products, and
international taxes. Long delivery times can be fastened by providing home deliveries with drones, and lower
charging shipping costs can be achieved by loyalty programs. Anticipating on these consumer barriers can
help Air Canada to gain significant market share in e-commerce.

Historical data of package distribution flows throughout the city would make the analysis even more com-
plete. Unfortunately, DHL, UPS, FedEx, Canada Post, and Purolator were not able to provide such data. They
were either not willing to collaborate, or they were simply not keeping track of this data. It was mentioned that
data measuring the distance travelled before making another stop is more relevant. In other words, courier
services focus more on route optimization and do not care as much where the truck is going to relative to its
previous location.

Besides the commercial resources, consultation with University of Toronto, McMaster University, the Min-
istry of Transportation of Ontario, and the municipality of Toronto was conducted. Unfortunately, none of
the resources were able to provide insights in the distribution of small parcels in the city of Toronto. The mu-
nicipality, however, was focused on a project related to the flow of cargo goods in the city, but they were not
successful with gaining enough meaningful data. As a result they started focusing on bigger packages trans-
ported by heavy trucks which was easier to track data from their GPS as heavy trucks are required to keep track
of its routes. Since drones are not able to carry heavy packages, this data is not considered meaningful. Ad-
ditionally, package deliveries to warehouses could potentially be gathered, but warehouses are typically used
to distribute packages to different regions, and hence this data would also not be relevant for the project. It
could rather provide misguidance.

4.2. City of Toronto demographics
The city of Toronto is the largest economic center, the most populous city of Canada, and the fourth-largest
city in North-America. The city has 2.93 million people and is divided in 6 areas as shown in Appendix (B).
YYZ is located outside the city in Mississauga next to the Etobicoke region which is, therefore, known to have
many warehouses and consolidation centers. Scarborough contains the biggest surface, but does not contain
the highest population. Observing Figure 4.1 shows that North York has the highest population. Old Toronto
has the second highest population, but it has the highest population density. Etobicoke has the smallest
population density.
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Figure 4.1: Population in millions and population density by region

Toronto has a ten year average employment growth rate of 2.0%, a five year employment growth rate of 2.5%,
and saw a growth rate of 3.1% from 2018 to 2019 [77]. To put total employment rate of Toronto in perspective,
Figure 4.2 shows the employment density distributed over the city. The region Old Toronto for example, is
the economical hub of the city and country. It has more than half a million jobs which accounts for 37.2% of
Toronto’s total employment with an average employment density of 30,000 jobs per km2. A small area inside
the Old Toronto area, called Downtown, is located south east and contains a total of 101,950 jobs in 2019. The
region saw an compound annual growth rate of 4.2% since 2014. North York is Toronto largest centre with
35,920 jobs. Etobicoke has the smallest employment, but has grown the fastest with an average of 3.1% per
year since 2014 to a total of 10,850 jobs in 2019.

Figure 4.2: Employment concentration November 2019 [77]

The distribution of population and employment is a good indication for potential higher demands of package
deliveries and pick-ups. From Figure A.5 it was observed that 66% of the online purchases are delivered to
the consumer’s home and 11% to the office/workplace. In addition, The historical employment growth could
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attract more people to the city as well. More people could indicate again a higher demand for home deliveries
of e-commerce.

4.3. Air Canada
Two different data sets are extracted from internal data platforms of Air Canada. One data set contains flights
with a total maximum cargo weight of 11.3 kilogram - from here on referred to as the bigger packages. The
other data set contains flights with a total maximum cargo weight of 4.5 kilogram - from here on referred
to as the smaller packages. It must be noted that these maximum cargo weights are on flight level, not on
individual package level. It is not possible to drill down to package level to extract details of each individual
package of all flights over the five year period to determine exactly how many of this total cargo weight were
packages with a specific maximum weight. Therefore, the conservative approach is chosen to guarantee
that the observations and conclusions do not consider any package that exceeds the weight limit. Subsection
(4.3.1) elaborates the demand for package arrivals in Toronto, which can be translated in potential demand for
home deliveries in the City of Toronto. The entire demand of Air Canada to YYZ as destination is assumed to
have the City of Toronto as end-destination. The reader is referred to Appendix (C) for the analysis of packages
departing from Toronto. Home pick-ups in Toronto for the Drone Delivery Network could be translated from
the demand of small parcels that depart from Toronto. It is noted in Section (3.1.7) that the Network Design
Model considers one mission fleets only - all vehicles return back to their origin once it delivered all assigned
packages. However, analyzing the pick-up demand could indicate the impact a two-mission fleet could have
on a Drone Delivery Network. Different scenarios are designed to allow the experimenter to conduct a what-if
analysis on the data to anticipate the hidden packages and uncertainties in demand (4.3.2).

4.3.1. Demand: Package arrivals Toronto
Both data sets for smaller packages and bigger packages contain data from 2016 to 2020. The flights of 2020
are considered to be less representable due to the pandemic. These flights are, therefore, not taken into ac-
count. Subsequently, both data sets are filtered with flights to Toronto only. The demand for package arrivals
in Toronto can be considered as the demand for home deliveries for the Drone Delivery Network in Toronto.
From observations it is concluded that both data sets follow approximately the same distribution. The drone
with a payload of up to 11.3 kilogram is not commercially operative yet in contrary to the other drone with a
payload of 4.5 kilograms. Hence, the observations of the data set with a maximum of 4.5 kilogram is shown
below. Only anomalies with the bigger packages are discussed, the reader is referred to Appendix (D) to see
the full big package analysis. So, for further reference, whenever packages are mentioned in this section, it is
referring to packages with a weight of 4.5 kilogram or less, unless mentioned otherwise.

On average per year, Air Canada transports 37 packages a day to Toronto. This is a very rough estimation
which will give a general idea of the business of the Drone Delivery Network throughout the year. However, it
does not give a clear understanding about the distribution flow of package arrivals during the week and day
which is necessary to find potential bottlenecks in the network.
A drill down to the Day of Week (DoW) is considered to find arrival peaks during the average week per year,
see Figure 4.3. The figure shows a clear pattern with a lower number in arrivals on Sundays and Mondays with
a range between 24 and max 31 a day. Which is a drop of more than 30% compared to Tuesday, Wednesday,
Thursday, and Friday, that have an average of 43 package arrivals a day. The rate of change between the four
different years tends to be low, and not correlated between the different days either.
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Figure 4.3: Average number of package arrivals by DoW per year

The next potential bottleneck can occur by strong peaks in arrivals during one day. Therefore, the flow distri-
bution of the average of 37 package arrivals over one day is necessary to understand. To find the distribution,
the day is divided in eight time frames of three hours, early night (00:00 – 03:00), late night (03:00 – 06:00),
early morning (06:00 – 09:00), late morning (09:00 – 12:00), early afternoon (12:00 – 15:00), late afternoon
(15:00 – 18:00), early evening (18:00- 21:00), and late evening (21:00 – 00:00). Note, it is assumed to have an
equal distribution of package arrivals in each time frame of three hours.
The distribution of package arrivals is not constant over the different time frames, see Figure 4.4. As expected,
a lower number of arrivals can be observed during the night with a small range between two and four arrivals,
and one peak of five arrivals in 2016. The busy hours are shown to occur during the afternoon and the begin-
ning of the evening with the highest peak in the late afternoon with a constant average of seven arrivals for
each year. The demand is also observed to be relatively constant over the four years.

Figure 4.4: Average number of package arrivals by time frames per year

It is concluded, however, that Tuesday, Wednesday, Thursday, and Friday are the busiest days of the week. It
is therefore more likely to find bottlenecks in the distribution of package arrivals on each of these days, see
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Figure 4.5. The number of arrivals during the night sees only a small change in its peak in 2016 to six arrivals.
In contrary to the other time frames which almost all see a small increase in arrivals relative to the previous
Figure 4.4. The pattern stayed relatively the same with also a peak during the late afternoon of up to eight
arrivals.

Figure 4.5: Average number of package arrivals by time frames on Tuesday, Wednesday, Thursday and Friday per year

During the previous analysis, seasonal peaks are not considered. Distribution of package arrival over the dif-
ferent months is, hence, considered to find seasonal peaks, see Figure 4.6. The graph shows a lower number
of arrivals in February and December and the highest number of arrivals on average in May. More surpris-
ingly, the average number of package arrivals tends to decrease form 2016 to 2019 with the biggest decrease
during the summer months. However, the decrease is not significant. Also, the trend over four years can be
considered too small to conclude that this trend is continuous.

Figure 4.6: Total number of package arrivals by month

So, the next drill down is in month May to find the seasonal peaks in this particular month, see Figure 4.7.
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The graph shows similar trends as before without strong trends between the four years, but with more arrivals
during the midweek with the highest peak on Thursdays in May 2018. This peak is relative high considering
the other years on Thursday. On Wednesday however, there is a constant peak relative to the other days over
the four years. This will be the next drill down since the average peaks are the most relevant to find the bottle-
necks. Packages smaller than 11.3 kilograms see a constant peak on Thursdays in May, see Figure D.5, which
is the first anomaly between the two data sets.

Figure 4.7: Average number of package arrivals by DoW in May

From Figure 4.8 there is no clear constant pattern of package arrivals on Wednesdays in May over the four
years. The average peak is found on both late afternoon and early evening with eight package arrivals. Early
evening seems to be more influenced by the higher peak from 2016. Observing the bigger packages shows,
however, a constant increase in demand for all time frames on Thursdays in May from 2016 to 2019, see Figure
D.6. To conclude, the highest peak of package arrivals is expected to be 9 in the late afternoon on Wednesdays
for the smaller packages, but no more than 50 package arrivals over the entire day. The bigger packages are
expected to see a peak of 17 arrivals in the late afternoon on Thursdays in May, with a total expected arrivals
around 88 packages on this day.

Regulators do not allow drones to operate in populated areas so far. Excessive flight test programs are needed
for the regulators to build trust in safe and harmonized operation of drones in the society. It is unknown when
this will happen, but it is expected that once drone operations are accepted, it will be restricted to operate
during night or even without daylight. It is, therefore, expected that the Drone Delivery Network will be oper-
ative between 7 am and 7 pm. This will cause an accumulation of package arrivals at the opening time. From
analysis, it is concluded that the average retrieval time, time it takes for smaller packages after landing to
be processed to get shipped at the warehouse, takes approximately 49 minutes, see Appendix (E). Therefore,
packages that arrive during the evening and night will not get distributed until the next opening day at 7 am,
to include an 11 minute buffer for the packages to get loaded onto the drone.
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Figure 4.8: Average number of package arrivals by time frames on Wednesdays in May

Considering the previous analysis on Figure 4.8, means that at the opening time of the Drone Delivery Net-
work, there are on average 22 packages waiting to be distributed – nine (early evening), five (late evening),
two (early night), and on average six (late night). To conclude, not the early afternoon, but the morning at
opening time will be the real bottleneck of the network.

So, a similar analysis on just the four time frames outside operating hours is performed to find the peak, see
Figure 4.9. Over the four different years and all months, Air Canada sees an average of 16 package arrivals
per day during the evening and night at YYZ, with June the highest average of 17 package arrivals. Again,
observing the figure shows a decrease in package arrivals over the four years.The trend seems to be stronger
than previously, which could be explained from changes in Air Canada’s flight schedule considering more
strict guidelines regarding flying by night. Observing Figure D.7 shows a peak in August, with an average of
32 package arrivals. It is an increase of 3 packages compared to the average over the entire year. No strong
seasonality can be concluded from both data sets.

Figure 4.9: Average number of package arrivals by month during the evening and night

Wednesday has an average of 20 package arrivals, and Friday an average of 22 package arrivals when exclud-
ing the year 2019, see Figure 4.10. The same analysis on packages smaller than 11.3 kilograms show a high
average of 43 package arrivals during the evening and night on Wednesdays in August 2018, see Figure D.8.
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Figure 4.10: Average number of package arrivals by DoW during the evening and night in June

To conclude 37 packages arrive on average every day with a lower demand during the weekends and on Mon-
day, and an average of 70 package arrivals for packages of up to 11.3 kg. The distribution of package arrivals
on each day is observed to have a higher demand in the afternoon and the early evening. Due to the con-
straint in operating hours of the drones, however, the highest number of packages that have to be distributed
at once will be in the morning at opening time at 7 am. The warehouse is open 24/7 and will receive packages
all evening and night. The analysis shows an average of 16 smaller package arrivals during the evening and
night with a peak on Fridays in June with an average of 22 packages. The bigger packages have an average
of 29 package arrivals during these time frames with a peak of 43 package arrivals on Wednesdays in August
2018. The reader is referred to Appendix (F) to see the analysis regarding the trend of Air Canada Cargo.

4.3.2. Scenarios
From Section (4.3.1) it was observed that Air Canada receives on average 17, 4, 4, 6, and 7 small packages and
30, 8, 8, 12, 13 big packages before 7 am, in the early morning, late morning, early afternoon and late after-
noon respectively. A seasonal peak was found on Wednesdays in May with a distribution of small package
arrivals over the same time frames of 22, 5, 6, 8, and 9. The big package arrivals saw a peak on Thursdays in
May with a distribution of 34, 10, 11, 15, and 17 over the time frames. Focusing on the bottleneck of the Drone
Delivery Network, it was found that Air Canada can expect a peak of 24 small packages in June and a peak of
43 big packages in August at the opening time. It is desired for Air Canada to be able to distribute the demand
at any time according to its quality of service. Therefore, the demand of the seasonal peaks is considered as
the most likely scenario that the Drone Delivery Network should be able to distribute, Scenario 1 - Base Case.
The scenario is defined for the smaller and bigger packages, Scenario 1.1 and Scenario 1.2, respectively, see
Table 4.1.
It is, however, noted that the data available by Air Canada is limited to flight level. Numerous packages appli-
cable to the Drone Delivery Network are thus hidden in the data. To anticipate on the conservative approach
there is not a worst case scenario with a lower demand. Instead, scenario 2 a better case is chosen. A 20%
increase in demand would not be significant enough. As it would imply a total demand of ten packages more
with only one package more per time frame from morning to afternoon - assuming a linear increase over the
time frames. Therefore, scenario 2 is chosen with a linear demand increase of 40%. It implies a total increase
of 21 arrivals and 38 arrivals for the small and big packages, Scenario 2.1 and Scenario 2.2, respectively.
A bullish scenario is chosen to anticipate on the potential rapid increase in demand. Scenario 3 the Bullish
Case implies an increase of 100% for the small and big packages, Scenario 3.1 and Scenario 3.2, respectively.

The assumption that the entire demand to YYZ has the City of Toronto as end-destination is noted. It is,
however, assumed that the number of missing packages in the data is much higher than the number of pack-
ages arriving in Toronto that have different end-destinations. For this reason the better case scenario and the
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bullish case scenario are not considered for even higher demands. See Table 4.1 below for the summary of all
scenarios.

Table Scenario 1: Base Case Scenario 2: Better Case Scenario 3: Bull Case

Time
Frame

1.1)
Small
Pack-
ages

1.2) Big
Pack-
ages

2.1)
Small
Pack-
ages

2.2) Big
Pack-
ages

3.1)
Small
Pack-
ages

3.2) Big
Pack-
ages

Opening 24 43 34 60 48 86
Morning
1

5 10 7 14 10 20

Morning
2

6 11 8 15 12 22

Afternoon
1

8 15 11 21 16 30

Afternoon
2

9 17 13 24 18 34

Total 52 96 73 134 104 192

Table 4.1: Scenarios

Comparing the distribution of package arrivals in Toronto, explained by Scenario 1.1 and Scenario 1.2 in
Table 4.1, with the distribution of package departures in Toronto, explained by Scenario 1.1 and Scenario 1.2
in Table C.3 in Appendix (C). Shows that the demand for package arrivals in the early afternoon is relatively,
percentage wise of total packages, two times higher than the demand for package departures in the early
afternoon. For all other time frames, the demand for package arrivals is slightly lower than the demand for
package departures, this account for both data sets - small and big packages.

4.4. Network Strategies
The P2P network and the H&S network are both considered for a Drone Delivery Network. The efficiency of
the network depends highly on the characteristics of each network. It is, however, unknown in advance how
multiple factors can influence the efficiency the network. Both networks should, therefore, be considered to
understand the pros, and cons and set-up similarly for better comparisons. Drones have a limited battery
cycle, which can negatively affect the efficiency of the drones’ utilization. It is, therefore, essential to take into
account a battery management strategy to be able to create a profitable Drone Delivery Network (4.4.1). A de-
livery network has different customers with different desires. Providing different services allows the logistics
operator to tailor the service to a customer’s needs (4.4.2).

4.4.1. Battery Management Strategy
Each drone must be capable of completing its mission without power loss. The inability could cause dam-
age to the drone, or worse, it could injure people when flying over populated and highly congested areas.
Hence, literature describes the necessity of predicting the drone’s capability of completing its mission [78].
Apart from preventing a drone from not completing its mission, and cause harm, it is also essential to care-
fully define a battery management strategy to increase its utilization. Otherwise, it is difficult to provide a
profitable delivery service in large urban areas. As such, scientific research addresses contactless charging,
recharging stations, and battery swapping as potential battery management strategies. Contactless charg-
ing is constrained in line-of-sight operations, high system costs, and low charging efficiencies. Recharging
stations require extra facilities and potential detours of the drones resulting in higher costs. Battery swap-
ping requires also challenging technology, but is proven to be most efficient [56]. Moreover, Drone Delivery
Canada (DDC), the partner of Air Canada, has a proprietary technology for battery swapping. The customer
is able to purchase or lease a DroneSpot which is a mini-depot at which the drones can drop-off their pack-
ages and execute a battery swap to replace the old battery with a replenished one. The estimation for landing,
package drop-off, and battery swap is ten minutes. Because of the available battery swap technology and the
proven efficiency of the technology in literature, it is chosen to move forward with this strategy for the Drone
Delivery Network.
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4.4.2. Quality of Service
The Drone Delivery Network might be very efficient and profitable, but if the network does not meet the
desires of the consumers, it is not sustainable. The network will provide two different services to anticipate
on the different needs of the many consumers:

• Xpress: Delivers before 12 pm if the package is received before 7 am, otherwise the next day before 12
pm.

• Normal: Delivers the same day if the package is received before 7 am otherwise the next day.

In the event of urgent deliveries for medical care for example, the consumer is willing to pay more for a quicker
service. To anticipate on such events, the Drone Delivery Network will provide an Xpress service that delivers
packages before noon if the package arrived before opening hours of the Drone Delivery Network. Elsewise,
a service called Normal will be provided. This service delivers packages the same day if the package arrived
before opening time of the Drone Delivery Network.

4.5. Site Selection
The rise of population in urban areas inherently increases the movements of goods creating even bigger traf-
fic congestion issues. The flying capabilities of the drones will decrease the traffic congestion, but it does not
take away the importance of site selection as it does influence external costs. A drone flying every minute
over someone’s house will not be considered an improvement for the person’s living conditions. It increases
risks to the person’s health and it can cause noise disturbances. The negative impacts on the residents and on
the environment from controversial trucks resulted in new sustainable freight regulations for municipalities
like dedicated delivery zones, and restricted delivery timing [46]. Selecting a site close to the consumers will
increase external costs, but selecting a site far from the consumer will increase distribution costs for the oper-
ator. The optimal site selection is, therefore, of interest of several stakeholders like the operator, municipality,
and the citizens, and thus requires multiple criteria.

The selection of criteria to assess the applicability and feasibility for evaluating potential locations depends
on different desires per stakeholder. The operator, Air Canada, wants the locations to be optimal in terms of
maximum customer coverage, low costs, and good accessibility. The urban residents want a quick delivery
service without impacting their living conditions. The municipality focuses on the bigger picture and wants
the negative impact to be minimal for all stakeholders considering the operator, residents, strategic city plan-
ning, environment, and perhaps other operators as well. Seven criteria are chosen such that the different
stakeholders are taken into consideration, see Table 4.2.
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Criteria for Location Selection

Criteria Definition Criteria Type

Accessibility Access for operator’s vehicles and by public
and private transport

Benefit, more is better

Customer
proximity

Distance to customers Benefit, more is better

Supplier
proximity

Distance to Distribution Center Benefit, more is better

Costs Acquiring/lease land, or facility Cost, lower is better

Externalities Environmental impact, noise, and pollu-
tion i.e.

Cost, lower is better

Expansion Possibility to expand to meet increasing de-
mand

Benefit, more is better

Security Safe location, no high risks for vandalism,
theft, or accidents

Benefit, more is better

Table 4.2: Criteria for location selection

The criteria accessibility, customer and supplier proximity, and costs have a direct impact on Air Canada.
Accessibility allows the drones to easily reach the facility without special obstacle manoeuvres or detours for
restricted flight zones. A big catchment area improves the proximity to customers and a facility located close
to the Distribution Center allows shorter delivery times. Lower costs will improve the competitiveness and
profitability of the Drone Network. The other criteria focus more on other stakeholders, but will influence
indirectly the efficiency of the chosen facility location. For example, a policy towards flight manoeuvres re-
strictions could result from a poor selected location that has a negative impact on the environment.

The following step involves selecting potential locations for the facilities. Normally, the decision maker uses
prior experience and knowledge on restricted fly zones and other transportation conditions of the city to
select candidate sites. The drones are, however, not allowed to operate anywhere in the city. Hence, the
criteria are followed as a guideline to select candidate points which can later on be used as an input to assess
the impact of the facility’s location on the network.

4.6. P2P Network
The Drone Delivery Network with a P2P strategy delivers packages to consumers in Toronto from the DC of Air
Canada at YYZ. The DroneSpot of DDC is chosen as the facility for the P2P network serving as the mini-depot
to deliver packages to the consumers and as recharging stations (4.6.1). Different drones will be available by
DDC with each its own intrinsic value for delivering packages (4.6.2). Finally, the chosen destination locations
are selected (4.6.3).

4.6.1. DroneSpot
The DroneSpot is typically 20 x 20 ft in linear dimensions. Under any circumstance, at least one person - typ-
ically a trained member of the customer’s staff, is required to load the drones and swap the battery packs for
recharging at the DroneSpot. There is an optional cargo drop capability for the drones which does not require
a trained staff member at the out-station. However, an individual will need to retrieve the dropped package.
When using cargo drop capability, the customer may opt for a secure netted enclosure to further protect the
goods being air dropped. A customer staff member would need to retrieve the package following being air
dropped. The DroneSpot can also be equipped with a retractable roof and can be heated. Drone handling
time at the DroneSpots varies according to the drone, but typically a turnaround (package load/unload &
battery swap) can be achieved quickly in 5-10 minutes.

Customarily, the customer will store packages in a warehouse or a vehicle adjacent to the DroneSpot. The
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DroneSpots require a clear area for drone air maneuvering. The DroneSpots are equipped with a weight
scale to verify payload compliance by the shipper. The scale face features a QR code which is used by a
small camera equipped in the drone base to aid the drone to precisely set down in the middle of the scale.
The DroneSpots are also equipped with a micro-weather station, a security surveillance camera, required
communications equipment, keypad entry and a package bar code reader.

4.6.2. Drones
DDC designed and manufactured two electrical drones called Sparrow and Robin XL, see Figure 4.11 and
Figure 4.12 respectively, and below their specifications in Table 4.3. Robin XL is still going through flight test
programs and is expected to entry-into-service by summer 2021. In preparation, the Robin XL is being certi-
fied with an emergency parachute as standard as a regulatory precaution in the unlikely event of a mechanical
failure, which may help in obtaining authorization to overfly urban areas. The Sparrow on the other hand is
already commercially operative. It is capable to fly fully autonomously, but the operator is required to provide
remote oversight of the drone operations. The Sparrow is currently used by customers on their logistic centers
between different warehouses and facilities, for example. For one of the customers it is approved to fly over
highway 401, the world’s busiest highway, in an area densely built up with warehouses. Operation in urban
areas such as the City of Toronto is, however, still restricted by the regulator, Transport Canada. These restric-
tions are expected to ease over time as experience is gained with commercial drone delivery operations. It is
not known yet, if the authorization will vary by drone model.
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Figure 4.11: Sparrow

Figure 4.12: Robin XL

Drone Specifications

Sparrow Robin XL

Max. Range = 30 km Max. Range = 60 km

Max. Speed = 80 km/h Max. Speed = 105 km/h

Max. Payload = 4.5 kg Max. Payload = 11.3 kg

Noise L & T/O = 100 dB Noise L & T/O = 100 dB

Noise cruise = 70-80 dB Noise cruise = 85 dB

Max. WxDxH = 310mm x 201mm x 140mm Max. WxDxH = 330mm x 229mm x 150mm

Powerplant = 8 electric motors Powerplant = 8 electric motors

Navigation = GPS-based Navigation = GPS-based

Table 4.3: Outbound Vehicles - Characteristics

4.6.3. Selected Sites

The key factor for an efficient and profitable P2P network is finding the optimal destination locations. The
criteria given in (4.5) are followed to find these locations. The decision maker does not have enough informa-
tion to assess the criteria costs, externalities, expansion, and security for each location. It requires a thorough
market research which is outside the scope of the project. The remaining four criteria decide whether the
location of the DroneSpot is a good strategy for a competitive network.

Open space that allows drones to freely manoeuvre is the main factor when considering the accessibility cri-
teria per location. The network is, however, competitive when each DroneSpot has a high catchment area, or
a good customer proximity. Considering the fact that Toronto is the fourth most populated city after Mexico
City, New York City, and Los Angeles, doesn’t go hand in hand. As a result, the decision maker had to be cre-
ative and come up with solutions such as placing the DroneSpots on top of buildings. It is still a preliminary
idea that has to be consulted with the regulator. Otherwise, big parking spots, petrol stations, and warehouses
of other carrier services like UPS, DHL, and FedEx are considered good accessible locations. To improve the
accessibility, connectivity to the candidate locations by main roads are considered as well. Section (4.2) is
used as a guideline to find good customer proximity locations for the DroneSpots. The candidate locations
are also mainly chosen at locations within a 30 km to improve supplier proximity. All selected candidate
locations are displayed on the map of Toronto, see Figure 4.13.



4.7. H&S Network 67

Figure 4.13: Case Study P2P

The purple area indicates the range of 30 kilometers from YYZ. Note that the project is focused on providing
service to the City of Toronto. Other places that are in the vicinity of the drones, like Mississauga (South-
West on the figure), are left out. The red balloons indicate the selected locations of the DroneSpots with a
total of 100 different locations. More Candidate points are located in Old Toronto with specifically a higher
concentration in the Downtown area considering the high population density and employment growth as
explained in Section 4.2. Other DroneSpots are located further away from the Downtown area to increase
the catchment area. Travel distance of five to ten minutes by car is followed as guideline to avoid ambiguous
locations. Observing the figure also indicates that nine DroneSpots are located outside the 30 kilometer range.
Robin XL would be able to reach these destination locations which implies an additional customer reach of
approximately + 160,000 people, which is more than 5% of the entire population of Toronto. Such trade-offs
can help to assess the impact that different drones can have on the network.

4.7. H&S Network
The H&S network uses intermediate facilities between the origin and destination nodes to distribute pack-
ages. It is called a hub, and for city logistics it is typically called a satellite. The satellite can be a different type
of facility depending on the strategy of the network (4.7.1). The satellite receives packages from the inbound
vehicle and loads the packages onto the outbound vehicle. It is considered a two-level fleet. Each fleet serves
the network differently and thus requires different types of vehicles (4.7.2). The location of the satellite is
essential for the efficiency of the network (4.7.3).

4.7.1. Satellites
Satellites are facilities that serve as sorting, transshipment, and switching points between origin and des-
tination nodes. The goods are unloaded at the satellite and loaded onto city freighters, smaller and more
environmentally friendly vehicles, that will serve the end-consumers [79]. Depending on the satellite, it is
possible to store the goods, or to directly load the goods on the outbound vehicles without storage. Satel-
lite with storage capability needs more space and labor compared to the satellite without storage. Satellite
with a storage is similar to a traditional DC. Such facilities are more common for retailers, the goods can
be stored until the customer requests a delivery [80]. A satellite without storage, called a cross-dock, is less
costly, reduces the risk for loss and damage, and shortens the delivery lead time. Air Canada is not a retailer
and only transports goods by demand. A cross-dock is, therefore considered a better fit for the needs of the
Drone Delivery Network. The cross-dock that receives the package and directly loads the package onto an
outbound vehicle is called a one-touch cross-dock. A two-touch cross-dock allows the package to be stored
temporarily until it is loaded onto the outbound vehicle. It is used to anticipate on imbalance between the in-
bound and outbound of goods, caused by a peak in deliveries that the outbound vehicles are not able to meet.
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4.7.2. Fleets
The H&S network consists of a two-level fleet. The inbound vehicles, also called the first echelon, and the
outbound vehicles, also called the second echelon. Each echelon serves the network differently with differ-
ent goals. The first echelon aims to distribute as many packages as possible to the satellites. The second
echelon aims to deliver the package from the satellite as quickly as possible to the destination. The previ-
ously discussed drones, Sparrow and Robin XL shown respectively in Figure 4.11 and Figure 4.12 are small,
light and agile. They cannot serve the network efficiently as inbound vehicles with the limited payload ca-
pacity. They are suitable as outbound vehicles instead. With the battery swapping technology, the drones
are able to have a high utilization factor, low transport costs, but still quick deliveries. The network needs
a bigger drone to serve as an inbound vehicle. DDC designed and manufactured a small helicopter with a
payload of 180 kilograms, see Figure 4.14, and its specifications below in Table 4.4, that suits better the needs
of an inbound vehicle.
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Figure 4.14: Condor

Condor Characteristics

Max. Range = 200 km

Max. Speed = 120 km/h

Max. Payload = 180 kg

Noise L & T/O = TBD

Noise cruise = TBD

Max. WxDxH = 61cm x 122cm x 91cm

Powerplant = 2 Stroke Gasoline

Fuel Tank = 45.4 liters

Navigation = GPS-based

Table 4.4: Inbound Vehicle - Characteristics

The Condor is currently also in flight test programs and expected to entry-into-service by Summer 2021. It
is unlike the other drones, though, gasoline powered resulting in more expensive flights. Consequently, it is
even more essential to use the Condor in the most efficient way by using its max payload as much as possible.
The Condor is very heavy compared to the other drones, and requires a visual check after every flight. Un-
loading the packages, conducting the visual check, and refueling the gas is anticipated to take approximately
15 minutes.

4.7.3. Selected Sites
The H&S network will use the same destination locations for the DroneSpots as the P2P network (4.6.3) and
uses the same four criteria from Table 4.3 to select candidate locations for the satellites. Unlike the DroneSpot,
the satellites either need an old warehouse, DC, or an empty field to build the satellite as desired. The avail-
ability of existing facilities are limited, and mostly poorly located. The decision maker chose, therefore, to
find open fields or areas where a satellite can be built. When looking for open fields and areas, infrastructure
of gas availability was mainly considered. In accordance with the desire to facilitate the Condor with gas at
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the satellite. A good location would be on an open field close to a road that connects two petrol stations of
the same company. Otherwise, an open field close to a petrol station was chosen.
The accessibility criteria is mainly relevant for drones and operators since there are no consumers or other
stakeholders that need access to the satellite. The location must have enough free space, no obstacles like
electricity cables, or high buildings in its surroundings to allow air manoeuvring of drones. For the operators
it is considered to have main roads that are well connected to the location.
The criteria customer proximity is taken into account by considering the distances between the candidate
point and the different DroneSpot locations. The supplier proximity is considered by taking into account the
distances from the candidate locations to the DC.
Candidate points that meet these criteria were looked for in areas located close to the DroneSpots but out-
side high population density areas. This strategy aims to create a scalable network dedicated to the City of
Toronto, see Figure 4.15. The red balloons are the previously selected DroneSpots locations, and the blue bal-
loons are the selected candidate points for the satellites. The DroneSpots are all well surrounded by multiple
satellite locations. Each satellite can potentially be dedicated to one area of DroneSpots allowing the network
to be scalable. The decision maker purposely picked more than necessary locations to help finding more
accurately the final desired locations of the network.

Figure 4.15: Case Study H&S Toronto

4.8. Assumptions
It is assumed that the drones fly directly from origin to destination without obstacle avoidance considera-
tion. This is done, because the drones of DDC have these algorithms already available with additional traffic
controllers to control safe flight operations. Their systems are designed to find the shortest path, that is not
the goal of this project. So, the distance can be determined by using the Great Circle Distance (GCD) based
on the coordinates of the facility locations. In addition to calculate the flight duration, the drones are also
assumed to fly at constant max speed. Having the distance and speed allows to calculate the flight duration.
DDC provides a general timeline for landing and unloading of the package of ten minutes for Sparrow and
Robin XL, and 15 minutes for Condor. The additional minutes are added to the flight duration to estimate a
more accurate total flight duration. See below for the complete set of assumptions:

• It takes an hour for the packages to be ready to depart from the DC after aircraft landing at YYZ - see
Appendix (E);

• Drones fly directly from origin to destination measured in GCD;

• All drones fly at a constant max speed;

• Condor can refuel the tank at all satellites and at the DC;

• Condor takes in total 15 minutes for landing, package unloading, required visual check, and gas refuel;
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• Robin XL and Sparrow can both swap old batteries with replenished batteries at all facilities;

• Robin XL and Sparrow take both in total 10 minutes for landing, package unloading, and battery swap;

• Time window packages retrieval: 24/7;

• Operation times drone: 7am – 7pm;

• P2P network: all drones start at DC;

• H&S network: all Condors start at DC and all RXL and Sparrows are divided by ratio over the satellites;

• Fleet of the P2P network, and the inbound and outbound fleet of the H&S network are all homogeneous.

• All packages meet either the Sparrow or Robin XL dimension criteria - depending on the fleet configu-
ration;

• The entire demand of Air Canada to YYZ is assumed to have the City of Toronto as end-destination;

• The number of missing packages in the data is higher than the number of packages that do not have
the City of Toronto as actual end-destination.

4.9. Conclusion
Demand for e-commerce, globally as well as domestically, is growing rapidly. Even though the potentials are
significant in the market of e-commerce, there is a lot to gain for logistic providers to attract even more con-
sumers by providing lower shipping costs, quicker delivery times, and guaranteed deliveries.

Due to shortage in data it is not possible to find a flow of package distribution throughout the City of Toronto.
Consequently, demographics of the city are considered. The highest population density and the highest num-
ber of employment are found in Old Toronto. It could be a reasonable approximation to expect higher de-
mands from this area.

Data of Air Canada is used to approximate the demand for small parcel arrivals for the City of Toronto. Three
different scenarios are created to anticipate risk factors and uncertainties that come along with the demand.
The demand of Air Canada is used as the base case, and the two other scenarios are a better (+40%) and a
bullish (+100%) case scenario, to anticipate the hidden packages in the demand.

It is concluded to use battery swapping technology to improve utilization of the vehicles. To meet the de-
manding expectations of the customers it is proposed to utilize the network with an Xpress and a Normal
service. Both network strategies should improve the quality of service that can be applied to a P2P network
and a H&S network. Each network will use the same 100 destination locations in the City of Toronto at which
battery swapping is supported. The drones from DDC, Sparrow and Robin XL, will serve both networks as
outbound vehicles, and the Condor will serve the H&S network as the inbound vehicle. The transition to
unload the package from the inbound vehicle to load onto the outbound vehicle will happen at the interme-
diate facility, called a satellite. A two-touch cross-dock satellite is considered most suitable for the network to
compensate for the inconsistent distribution of package arrivals. 19 candidate locations of the satellites are
chosen at the surroundings of the city.

These are the general set-up of the P2P network and the H&S network that will be used to find the optimal
design of each network for this specific business case for Air Canada. The candidate locations of the satellites
will be used in the framework to find the optimal locations, which will be the final set-up for the H&S network.





5
Results

The Drone Delivery Network has the goal to distribute packages in the most optimal way for Air Canada. It
should be commercially competitive such that the costs are minimized and the demand can be fully met.
Many costs are, however, unknown partly due to the new business model of delivering packages by drones,
and partly by a lack of information. Costs like drone and facility enquiries, drone and facility maintenance,
insurance, and labor costs are unknown. Instead, it is possible to anticipate on operational costs to increase
the efficiency of the network. It is where the design of the network comes mainly into place. The previous
chapter discusses the general set-up per network strategy. Now it is mandatory to finalize the complete de-
sign.

The different scenarios allow the experimenter to observe the impact risk factors and uncertainties have. It
is, therefore, important that the scenarios have the same general network set-up with some fixed parameters.
Changing one parameter in the general set-up allows the experimenter to assess the impact the attribute
has on the performance of the network, which is called a sensitivity analysis. The impact can be assessed
by analysing certain Key Performance Indicators (KPI) (5.1). Observing the attribute’s impact per network
design can be used as a tool to conclude the optimal network design for the P2P network in Section (5.2) and
the H&S network in Section (5.3). Subsequently, the two network strategies are compared to each other in
Section (5.4). The chapter finishes with a conclusion in Section (5.5).

5.1. Key Performance Indicators
The experimenter selected the following KPIs:

• Average Ground Time (G.T.) in minutes;

• Average Delivery Duration (D.D.) in minutes;

• Average D.D. Xpress in minutes;

• Average D.D. Normal in minutes;

• Average number of packages not delivered the same day;

• Average number of packages outside range;

The ground time is a good indicator to determine the required number of drones. An excess in drones could
be indicated by a high ground time, and vice versa. The average delivery duration indicates how quickly the
network delivers packages from origin to the end-consumer. A low delivery duration would indicate a quick
delivery service which could be desired by customers. However, it is plausible to have a high ground time
when the delivery duration is low. It requires a quality of service versus cost trade-off to determine what is
desired. The average delivery duration is also distinguished per service type. Allowing the operator to de-
termine how quickly the network should be able to deliver packages for each service type. It should help the
operator to define the quality of service requirements. The simulation runs a daily demand set. It is, therefore,
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not possible to observe the overall performance of the network over an entire week. For better understand-
ings, the simulation indicates the number of packages that were not delivered the same day. A backlog could
result in poor network performance of the next day and the day after due to accumulation. There are nine
DroneSpots located outside the range of the Sparrow for the P2P network as discussed in Section 4.6.3. When
the final output indicates a high number of packages outside the drone’s range. It could be another trade-off
for Air Canada to configure its fleet with Robin XLs.

The only additional KPIs for the H&S network are ground time, that is distinguished per echelon level, and
delivery duration that is distinguished per satellite. Ground time per echelon level allows to get a better grasp
on the number of vehicles required for each echelon. Additionally, a big difference in delivery duration per
satellite could indicate a discrepancy in how the outbound vehicles are distributed over the satellites.

5.2. P2P Network Design
Figure 5.1 shows the results of Scenario 1.1. All simulations are run 50 times. For each simulation, the P2P
network is utilized with a different number of Sparrows as indicated on the x-axis. The left side of the y-axis
indicates the number of minutes related to the blue KPIs. The ride side of the y-axis indicates the quantities
of the red KPIs.
The ground time of the Sparrows drop as the number in used Sparrows decrease, as expected. The average
delivery duration is 24 minutes for both service types when the network uses 100 Sparrows. As the network
is facilitated with more drones than it has to deliver packages, there is always a drone available. Having
said that, it can be concluded that the overall performance of the P2P network, with this specific set-up,
accomplishes the quickest delivery in 24 minutes. Note that 2.6 packages are not delivered with the 100
Sparrow configuration. That is due to the assumption that packages can still arrive at 7 pm exactly, but the
drones will stop operating irregardless of their location.
The number of not delivered packages has a substantial increase when the network is configured with two
Sparrows instead of three Sparrows. This could result in a strong accumulation of backlogged packages which
could indicate a poor performance of the network. From this, it can be concluded that the P2P network for
this scenario should be facilitated with at least three Sparrows.
The network is able to deliver Xpress packages within 100 minutes and Normal packages in approximately
three hours when three Sparrows are used. The Xpress packages are aimed to be delivered before 12 pm
if they arrived before opening time and Normal packages before closing. Considering the average delivery
duration of both package services. It can be concluded that the network is able to deliver all packages on time
when three Sparrows are used with a demand of 52 packages on one day.
Over all run scenarios, the network allocated on average 3.4 packages to DroneSpots located outside the range
of the Sparrow. A spill of three packages a day does not seem to be significant enough to consider Robin XL
utilization for this specific scenario. Therefore, it is concluded that the P2P network should be facilitated with
three Sparrows for this specific scenario.
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Figure 5.1: P2P: Results of Scenario 1.1

The Drone Delivery Network should be able to meet a demand of 96 packages if the network is facilitated with
Robin XL drones. All destinations are within the vicinity of Robin XL considering the range of the drone, see
Figure 5.2. Six of these drones would allow Air Canada to meet the demand entirely - excluding the packages
received at 7 pm. Although, the drones would have a total of 43.3 minutes ground time. One drone less
would imply zero ground time, but a substantial increase in the number of packages not delivered. The
delivery duration of the network with six Robin XLs is also within the desired criteria and more than an hour
quicker than with seven drones. From these observations it can be concluded that the P2P network should
be facilitated with six Robin XLs for this specific scenario. The ground time might be relative high, but it gives
also a safety margin for strong peaks during the day or an increase in demand.

Figure 5.2: P2P: Results of Scenario 1.2

Following the same analysis principles allows the experimenter to observe similar patterns for Scenario 2.1,
see Figure 5.3. The network is on average not able to deliver five packages due to the range of the Sparrow,
which can be considered insignificant. It is noted that positive ground time reaches zero from the moment
the network is utilized with four Sparrows. The average delivery duration equals three hours, with normal
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packages up to four hours, and Xpress packages in just more than two hours. Whereas the delivery duration
almost doubles when the network is utilized with three Sparrows. It can be concluded that a utilization of
three Sparrows is to slim considering the significant longer delivery duration and the strong increase in not
delivered packages.
Five Sparrows do not have spill, but imply a total ground time of more than one and a half hour. Even though
the P2P network does not have any spill with five Sparrows with respect to some non-delivered packages with
four Sparrows. A fleet with four Sparrows seems to be more efficient as it is able to meet the quality of service
criteria with zero ground time. The network might be considerably more profitable. It would just be more
prone to peaks in package arrivals during the day.

Figure 5.3: P2P: Results of Scenario 2.1

Scenario 2.2 reaches zero ground time with seven Robin XLs, see Figure 5.4. It has, however, an increase of
10 not delivered packages with respect to eight Robin XLs. The ground time is only 11 minutes with relative
quick deliveries. It can be concluded that the P2P network should be utilized with eight Robin XLs for this
specific scenario.



5.2. P2P Network Design 77

Figure 5.4: P2P: Results of Scenario 2.2

From Figure 5.5, it is observed that the bull case scenario has zero ground time on average if the network has
six or less Sparrows in operation. The six drones are able to deliver the Xpress packages within two hours
and the Normal packages approximately in three and a half hours. The network is just not able to deliver one
package on average, disregarding the package arrivals at 7 pm. Increasing the network’s fleet with one more
drone gives quicker delivery services, but it increases the ground time to approximately one and a half hour.
So, utilizing the network with six Sparrows seems to be the most favorable configuration for the Bull Case
scenario. Considering again an insignificant number of packages outside the range of the Sparrow.

Figure 5.5: P2P: Results of Scenario 3.1

Figure 5.6 shows the result of the P2P network for the Bull Case scenario with bigger packages. Observing the
figure allows to conclude that the network with 11 Robin XLs has zero ground time while meeting the delivery
criteria. It is, however, not able to complete all deliveries by the end of the day and missed two packages. Two
packages that were not able to be delivered the same day is considered insignificant and can be taken granted
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when aiming for cost minimization.

Figure 5.6: P2P: Results of Scenario 3.2

5.3. H&S Network Design
First, different design configurations of the H&S network will be examined by running MCS (5.3.1). The ob-
tained network design can be used to find the optimal configuration of the network (5.3.2).

5.3.1. H&S network set-up
19 different candidate locations for the satellites were selected in Section (4.7.3). The Facility Assignment
algorithm decides the distribution of all orders over the satellites. When running Scenario 1.1 10,000 times,
the system distributes the packages to 3 satellites (Satellite 14, Satellite 16, Satellite 17) only. Figure 5.7 shows
that the three chosen satellites are the ones closest to the airport. The decision making tool is mainly driven
by distance efficiency, which explains the choice of the 3 satellites.
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Figure 5.7: Three selected satellites by the model

In reality, however, landing, visual check, and unloading of the Condor at the three satellites will take longer
than the flight times. Which takes out the efficiency of the satellite locations. Consequently, the simulation
is run again, this time the satellites located close to the airport are taken out. The model distributed the
packages to Satellite 1, Satellite 2, Satellite 4, and Satellite 10, see Figure 5.8.

Figure 5.8: Four selected satellites by the model

Combining the four satellites ensures more than just the entire catchment area of the City of Toronto within
the 30 kilometer range of the Sparrow. Taking a closer look to the package distribution of each satellite allows
to observe the number of packages distributed by each satellite. Which will be an indicator to understand
the importance and potential size of the satellites. The MCS calculates the average number of packages dis-
tributed per one simulation run. By doing that 10,000 times, the system is able to count how many times the
average number occurs. Figure 5.9 shows the package distribution of Satellite 1 - Scenario 1 Base Case for
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small packages. The x-axis shows the number of packages distributed and the y-axis indicates the number of
occurrences. The figure indicates a normal distribution with an average of 39 packages. Law of Large Num-
bers (LLN) implies that the mean of the simulation goes to the average value as the number of simulation
runs goes to infinity when it is assumed that the random variables are independent identically distributed
(i.i.d.), by definition [81]. For a normally distributed random variable Y, the Confidence Interval (CI) can be
defined as follows:

P(µ−1.96σ≤ Y ≤µ+1.96σ) = 0.95 (5.1)

with µ the mean and σ the standard deviation. 1.96 is derived from the standard normal z distribution for
a 95% confidence interval. In other words, it can be said with 95% confidence that Satellite 1 will distribute
between 32 and 45 packages a day for this specific scenario. The 95% CI interval is indicated with the grey
area and the two red zones indicate the area outside the CI interval. Performing the same calculations show
a mean of 9 packages with a 95% CI of 4 to 15 packages a day for Satellite 2, see Figure 5.10. The other
two satellites have an insignificant number of packages it distributed a day, see Figure 5.11 and Figure 5.12.
Satellite 4 and Satellite 10 distribute approximately more than three quarter of the times less than 5% of the
total packages. It can be concluded that these two satellites will not be relevant for the H&S network. Satellite
1 and Satellite 2 are summarized in Table 5.1. The reader can visit Appendix (G) to observe the same analysis
for the other scenarios.

Figure 5.9: Simulation Satellite 1 - 10.000 runs Figure 5.10: Simulation Satellite 2 - 10.000 runs

Figure 5.11: Simulation Satellite 4 - 10.000 runs Figure 5.12: Simulation Satellite 10 - 10.000 runs
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Satellite Average
#pack-
ages

Variance Standard
devia-
tion

C.I.
lower
limit

C.I.
upper
limit

Satellite 1 39 9.9 3.2 32 45

Satellite 2 9.7 7.9 2.8 4 15

Table 5.1: CI of Satellites 1 and 2 - Scenario 1.1

This will give a better understanding of the size and the number of drones required at each satellite. Assum-
ing the expected packages to be distributed by each satellite equals the mean. The ratio of packages that
is expected to be distributed per satellite can be determined. The average number of packages that are not
distributed by Satellite 1 and Satellite 2, due to the inclusion of Satellite 4 and Satellite 10 in the simulation,
are subtracted from the total number of packages. In other words, the packages distributed by Satellite 1 and
Satellite 2 are assumed to be the full 100%. Satellite 1 is, therefore, expected to distribute 80% of all packages
and Satellite 2 is expected to distribute 20% of all packages. The calculation allows for a better approximation
to distribute the drones over the satellites. Because of the nature of i.i.d., it can be concluded that the ratio of
packages distributed per satellite is constant and independent of the size of orders. For example, the network
would assign eight outbound vehicles to Satellite 1 and two outbound vehicles to Satellite 2, in the case of ten
outbound vehicles.

5.3.2. H&S Network Configuration
The H&S network uses the same previously discussed 100 DroneSpot locations, Satellite 1 and Satellite 2 as
the only intermediate facilities, and one Condor for the following simulations. The Condor is able to fit at
least 77 Sparrow packages and 59 Robin XL packages considering the volume capacity of the Condor and
the max dimensions of the packages that Robin XL and Sparrow can carry, assuming perfect fit of the pack-
ages. However, it implies that the Condor is able to carry the entire demand for Scenario 1.1 and Scenario
2.1. Without running the simulations, it can already be concluded that the Condor would either have a high
ground time or it would fly with low load factors. The H&S network would be poorly utilized and thus this
network strategy is not efficient for these specific scenarios. The Condor would carry maximum three times a
day packages considering the distribution for Scenario 1.2 and Scenario 3.1. with approximately a 30% load
factor. So, the H&S network is also considered inefficient for these two scenarios. Therefore, only Scenario
2.2 and 3.2 will be discussed for the H&S network.

The results of Scenario 2.2 are presented in Figure 5.13. The ground time is distinguished by the inbound
vehicle and the outbound vehicles, represented by the green lines. The average delivery duration is distin-
guished by Xpress service and Normal service and per satellite, indicated by the blue lines. Each simulation is
run 50 times. The x-axis indicates the configuration of the H&S network for each simulation. The configura-
tion changes in the number of outbound vehicles, or in the minimum required load factor of the Condor. The
network contains a fixed constraint that the Condor will transport the packages only if its capacity is at least
50%, 70%, or 100%. For all three set-ups, the number of outbound vehicles are decreasing from left to right
with a starting point of 100 Robin XLs. The y-axis indicates the minutes on the left side for the previously dis-
cussed KPIs. The right side of the y-axis indicates quantities measured in number of non-delivered packages.
This KPI is displayed with the red line.
Observing the figure shows that the ground time of the outbound vehicles is decreasing with decreasing num-
ber of Robin XLs and with lower load factors of the Condor. It is self-explanatory that less outbound vehicles
implies less ground time. A lower load factor could indicate a more frequent package delivery to the satel-
lites, which could explain the lower ground time with lower load factors. The average number of not delivered
packages has a strong peak whenever the Condor has a minimum load factor of 100%. It takes longer until
the Condor meets the minimum load factor criteria which could explain this peak.
The overall quickest delivery of the network is reached with 100 outbound vehicles at a 100% load factor. The
average delivery duration is approximately 80 minutes for both services with an average delivery duration of
less than 20 minutes from the satellites. However, regarding the high ground times of the vehicles it is not
considered the best configuration set-up.
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Instead, a minimum of 50% load factor for the Condor together with a total of five outbound vehicles is con-
sidered the best configuration of the H&S network for Scenario 2.2. The delivery criteria of Xpress and Normal
are met. The ground time of the outbound vehicles are approximately half of the ground time with six out-
bound vehicles while the average delivery duration increases by only 15 minutes. Just five more packages, a
total of 26.6, are not delivered by the end of the day with five outbound vehicles compared to six outbound
vehicles. Which is increased to 37.2 packages when the network is utilized with 4 outbound vehicles. 37.2
not-delivered packages by the end of the day plus the expected 60 packages at opening time of the next day,
together with the higher delivery duration implicate that four outbound vehicles is too low. Especially con-
sidering the low ground time of the outbound vehicles when it is utilized with four Robin XLs. Indicating that
there is not much safety margin left for this configuration to cope with backlogged packages. It is, therefore,
concluded that the optimal H&S network configuration for Scenario 2.2 contains five Robin XLs with a mini-
mum inbound vehicle load factor of 50%.

Figure 5.13: H&S: Results Scenario 2.2

The results of Scenario 3.2 are shown in Figure 5.14. The patterns are relatively similar to the patterns found
in Figure 5.13. However, the ground time of the outbound vehicles are decreasing more rapidly, which can
be explained by the higher number of packages distributed by the Bull Case. The quickest delivery duration
differs as well. It has an average delivery duration of 108 minutes with 100 outbound vehicles and a minimum
of 50% load factor for the Condor. Which is almost 30 minutes longer than for the previous scenario that
achieved its quickest delivery with a load factor of 100%. Which can be explained by the higher demand for
each time frame for this scenario that will activate the minimum of 50% capacity of the Condor. The best
configuration for this scenario is with seven outbound vehicles with a 50% minimum load factor. The ground
time of the outbound vehicles is 100 minutes less when comparing this configuration with eight outbound
vehicles while the delivery duration increases with less than 15 minutes. The delivery criteria are still met,
and the number of packages not delivered of one day increases only by two packages to a total of 39 packages.
Whereas the number of packages not delivered with six outbound vehicles increases to more than 56 packages
in total which could cause problems the following day.
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Figure 5.14: H&S: Results Scenario 3.2

5.4. P2P versus H&S
Comparing the results of the P2P network and the H&S network for Scenario 2.2. Shows that the P2P network
is able to achieve package deliveries in 24 minutes with its quickest performing configuration while it takes
the H&S network up to 80 minutes. It could be a good initial approximation of the overall delivery speed of
each network. Potentially indicating that the P2P network is three times quicker. It was concluded that the
optimal network set-up of the P2P network should have eight outbound vehicles for Scenario 2.2. The H&S
network requires five outbound vehicles. Even though, the H&S network needs less outbound vehicles, it
requires more resources such as an inbound vehicle and two satellites. In addition, the P2P network delivers
on average almost 100 minutes quicker, with a much lower ground time, and delivers also more packages the
same day than the H&S network. From these conclusions the best network strategy for Air Canada tends to
be the P2P network.
The benefit of a H&S network is, however, its ability to scale. It is perhaps possible to observe a cross-over
point at which the H&S network becomes more efficient by analyzing the required resources with increasing
demand for both networks, see Figure 5.15.

Figure 5.15: P2P versus H&S
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The x-axis indicates the multiple of Scenario 1.1 and the left side of the y-axis indicates the optimal number of
outbound vehicles required per network strategy. The graph shows that the number of drones required by the
P2P network, indicated by the blue line, increases quicker than the H&S network, indicated by the orange line.
The grey line is a ratio of the blue line over the orange line to get a better grasp of the relation between them,
which is quantified on the ride side of the y-axis. The ratio reaches a peak at a 10X multiple. So, the graph is
indicating what was expected and could confirm that the H&S network becomes more interesting when there
is a demand for network scalability. Observing the performance of both networks at this configuration for a
10X multiple is essential to make any conclusions. Both performances are summed in Table 5.2, Outbound
Vehicle (O.V.), Xpress Service (X), and Normal Service (N).

P2P 35 O.V. H&S 13 O.V.

Average G.T. I.V. N/A 86.4

Average G.T. O.V. 27.8 20

Average D.D. 143.4 219.5

Average D.D.X 99.4 202.3

Average D.D.N 189.4 301.3

Not delivered 30.4 98.6

Table 5.2: Performance of P2P and H&S network for 10X multiple

The ground time of the outbound vehicle for the H&S network is lower than the average ground time of the
outbound vehicle of the P2P network. The delivery duration is on average about 70 minutes slower for the
H&S network and it delivers approximately 60 packages less per day. It uses, however, 22 outbound vehicles
less than the P2P network. The costs are, unfortunately, unknown which makes the trade-off of costs versus
quality of service difficult between the two network strategies. It could be concluded that the P2P network
has a better performance, purely looking at the shorter lead times of the network strategies. Whether this
is desired, depends entirely on the desired quality of service that Air Canada wants to provide its customers
with.

Note, the framework is not able to apply consolidation of packages at satellites, nor did it include the pos-
sibilities of having other inbound vehicles serving the satellites from different locations, nor did it include
the increased catchment area from each satellite for the H&S network. Data of small packages that could be
consolidated at the satellites, data of incoming trucks to Toronto from different cities, and potential demand
from different regions was either unknown or out of the scope of the project. Having such abilities could sub-
stantially increase the efficiency of the H&S network.
In addition, the strategy discussed so far is mainly based on the initial goal of finding a competitive Drone
Delivery Network for Air Canada in Toronto. A different approach, however, would be by considering the
available products, technology, and resources. The Condor might be more efficient for long haul distances
considering its max payload and its max range of 200 kilometers. Therefore, the second strategy could focus
on increasing the catchment area of the network by finding candidate locations for the satellites in different
cities, see Figure 5.16. The blue balloons represent the candidate locations for the satellites, with an addi-
tional indication of a 30 kilometer vicinity by the purple circles. The red balloons indicate the 100 DroneSpot
locations discussed for the City of Toronto. Similar candidate locations for the DroneSpots should be looked
for in the other purple circles. The network increases its catchment area by 2.3 million people by adding a
satellite in London (404,699), Hamilton (924,078), Niagara (447,888), and Whitby (519,178) to the network.
Which potentially almost doubles the catchment area compared to the City of Toronto only.
A potential solution would be a H&S network on provincial level. The City of Toronto would still be serviced by
a P2P network, and the Condor would transport packages from the distribution center at the Pearson Airport
to the satellites located at the edge of different cities. Numerous outbound vehicles transport the packages
individually from each of these satellites to the end-consumer.
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Figure 5.16: H&S Network: Ontario

5.5. Conclusion
The final design of the P2P network and the H&S network is discussed by conducting a sensitivity analysis.
The impact the size of the outbound vehicle fleet and the minimum load factor of the inbound vehicle have
on each network is measured in ground time, delivery duration, and the daily not delivered packages. The
H&S network is considered to be inefficient for the scenarios with a lower demand. The P2P network requires
three, four, or seven Sparrows for Scenario 1.1, Scenario 2.1, or Scenario 3.1, respectively, and six Robin XLs
for Scenario 1.2. With these configurations it is able to deliver Xpress packages approximately in 1.5 hours
and the Normal packages in less than four hours. The ground time is relatively low and the backlogged pack-
ages per day is minimal. Comparing Scenario 2.2 and Scenario 3.2 for the P2P network and the H&S network
shows that the P2P network delivers on average almost 100 minutes quicker, with a lower ground time, and
delivers more packages the same day than the H&S network. It requires six and 11 outbound vehicles, which
is respectively 1 and 2 outbound vehicles more than the H&S network requires for Scenario 2.2 and Scenario
3.2, respectively. Even though, the H&S network requires less outbound vehicles, it needs additionally one
inbound vehicle and two satellites. So, the H&S network requires in total more resources with higher opera-
tional costs. It can, therefore, be concluded that the P2P network is a more efficient approach for the Drone
Delivery Network in the City of Toronto for these specific scenarios.

Facilitating the network with intermediate facilities takes away congestion at the main hub, decreases dis-
tances from intermediate facilities to end-consumers, and decreases the fleet sizes. The H&S network has,
therefore, naturally good scalability performances. When significantly increasing the demand, it is observed
that the H&S network becomes competitive at a 10X multiple relative to Scenario 1.1. Although, the P2P net-
work scores better at all KPIs, the H&S network has more potentials with growing demand which have not all
been covered in this research. Consolidation of packages at the satellites, increased catchment area from the
satellites, and inbound vehicles serving the satellites from different cities could, for example, substantially in-
crease the efficiency of the H&S network. It is, therefore, up to the desires of Air Canada. If quick deliveries are
desired with minimum costs, it is recommended to move forward with the P2P network. If Air Canada desires
a scalable network and accepts a longer delivery duration, it is recommended to move forward with the H&S
network. It is, however, suggested to start utilizing the Drone Delivery Network according to the principal of
a P2P network. It allows Air Canada to minimize costs and to be more flexible to anticipate uncertainties in
demand. Subsequently based on real-life data, Air Canada can decide at a later stage to include an inbound
vehicle and (an) intermediate facilit(y)(ies) to scale the network.

The research is solely focused on servicing the City of Toronto. The range of the Condor could include mul-
tiple cities to its network, potentially doubling the catchment area. A H&S network could be realized on a
provincial level rather than on a city level. However, doubling the catchment area does not necessarily imply
doubling the demand. It is suggested to conduct an elaborate market research in the demand of package
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deliveries to homes in other cities in Ontario. Before moving forward with this approach.

In Subsection (4.3.2) it was concluded that the demand for package arrivals and departures follow approxi-
mately the same distribution per day, except during the early afternoon. Therefore, it can be assumed that
with a small increase in fleet sizes the Drone Delivery Network could potentially double the number of pack-
ages it transports when considering two mission fleets - home deliveries and home-pick ups.
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Conclusion

This research aimed to identify the optimal network design of a Drone Delivery Network for logistic operators.
It focuses on the last part of the supply chain servicing the final mile to the end-consumers. Given the un-
certainty in demand and network performance of different strategies, this research described a framework to
design different network strategies and to find the optimal configuration of each network strategy. Resulting
in the following research question:

What is the design of a Drone Delivery Network and how should it be configured to ensure delivery to the
end-consumer in metropolitan areas under cost minimization such that a profitable Drone Delivery

Network can be adopted to the network of logistic operators?

The initiative was risen from the found opportunities in home delivery services due to globalization and the
rapid growth in e-commerce, which underwent an even bigger growth during the pandemic in 2020. The
challenges city logistics faces resulting from urbanization, policy restrictions, and the demand for sustain-
able solutions, showed the potentials for utilizing drones as the last-mile vehicle. There is not one Drone
Delivery Network, currently as of writing, commercially operative, but the technology is ready for utilization.
Consequently, the researcher focused on finding the optimal way to utilize drones by the aid of a P2P network
strategy and a H&S network strategy.

The first step of the research was to formulate a sequential framework and a Monte Carlo Simulation with
a focus on designing a last mile delivery network. It allows to design a P2P and a H&S network under cost
minimization. Research clearly illustrated, when utilizing drones as delivery vehicles, that the P2P network
was more cost efficient compared to the H&S network measured in ground time, quality of service, and num-
ber of required resources. But, it also raised questions towards its ability to scale at which the H&S network
was able to show its competitiveness to the P2P network. The H&S network is, however, limited in assigning
optimal intermediate facilities based on minimum distance, a fixed minimum load factor constraint, and no
consolidation at intermediate facilities. Implementing these factors in the model could substantially increase
the efficiency of the H&S network, which could result in preferences for the H&S network with lower demands.

Future research could consider a two-mission fleet with operation between any two sets of facilities to better
understand the implications of the results. A two-mission fleet would allow a drone to make profit on any
route instead of making purely costs going back to its origin and operation between any two sets of facilities
would greatly benefit the potential utilization of the network, which would have a direct impact on fleet siz-
ing. Considering a weekly demand rather than a daily demand would allow the experimenter to assess the
impact of backlogged packages from the previous day to the performance of the network as a whole. Better
fleet sizing estimates would result by considering such uncertainties on the network. Formulating a MCS
allowing to simulate the average delivery duration of a service type for a specific network strategy and config-
uration. Having this analysis allows the operator to define the quality of service within a confidence interval
it is able to provide to its customers. It would help the operator to create its product. Finally, clustering desti-
nation locations and assigning orders of one cluster to the inbound vehicle could decrease distance travelled
and delivery duration. These matters could implicate better how network strategies and configurations im-
pact the performance of the Drone Delivery Network allowing the operator to find a more optimized network
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design.

The main contribution of the research follows from the fact that the framework allows the operator to find
the optimal network design of a Drone Delivery Network for two network strategies. The framework finds the
optimal locations of intermediate facilities and how frequently each facility will be used per scenario with
certainty. Which allows the operator to find the ideal distribution of drones over the intermediate facilities.
The flexibility of the framework allows the operator to enter the fleet sizes, destination locations, number of
destinations, desired quality of service, and the size of daily orders. The quality of service can be divided into
an Xpress service and a Normal service. The operator has the flexibility to define the pdf of the two service
types and their ultimate delivery time. The framework is formulated with a package valuation allowing the
model to prioritize packages based on the service type and due delivery. Different scenarios and repeated
random sampling used by the Monte Carlo Simulation allow to consider the impact of risks and uncertainties
in demand. The given input to the model will be used to simulate the performance of the chosen network
strategy that is aimed to minimize costs. The costs are measured in ground time, delivery duration, and not
delivered packages. Changing a parameter would result in a change in any of the operational costs, which
can be used by the operator to find the optimal configuration of the network.



7
Recommendation

This research has helped to set a start in finding an optimal Last-Mile Delivery Network design serviced by
drones. The research is at its very early stage and it is important for scientific research to continue moving
forward with this study. The following suggestions are recommended to consider:

1. Implementing a two-mission fleet would allow a drone to make profit on any route instead of making
purely costs going back to its origin. Moreover, allowing the drones to operate between any two sets of
facilities would greatly benefit the potential utilization of the network. Rather than providing long-haul
B2C services only, it would allow the logistic provider to provide short-haul C2C services as well. This
addition could increase the demand which would have a direct impact on fleet sizing of the network.

2. Considering a weekly demand rather than a daily demand would allow the experimenter to assess the
impact of backlogged packages from the previous day to the performance of the network as a whole.
Better fleet sizing estimates would result by considering such uncertainties on the network.

3. Formulating a MCS allowing to simulate the performance of a service type for a specific network strat-
egy and configuration. Assessing the result would allow the operator to find a confidence interval of
the average delivery duration per service type. Having this analysis allows the operator to define the
quality of service it is able to provide to its customers. It would help the operator to create its product.

4. Implementing an optimization tool that decides the optimal load factor of an inbound vehicle by ma-
chine learning can improve the efficiency of the H&S network. Rather than a fixed static constraint,
the tool could learn under which circumstances it is worthwhile waiting for the upcoming packages, or
when it is more efficient to transport packages with a lower load factor. It could decrease the distance
travelled and potentially the delivery duration.

5. Considering destination locations when assigning orders to the inbound vehicle could decrease dis-
tance travelled and delivery duration. It can be incorporated in the Knapsack Problem by clustering
destination locations such that the model assigns only orders of one cluster to an inbound vehicle.

6. Assigning intermediate facilities to inbound vehicles based on drone availability and package capacity
at the facility would allow for more realistic results. It would also allow to take away congestion at an
intermediate facility that could improve lead times.

7. Considering package valuation when defining the order at which the inbound vehicle should visit the
intermediate facilities could improve the quality of service. For example, packages that are assigned
to a facility can be clustered to find the intermediate facility with the highest valuation. Following, the
model can take such valuations into consideration while still aiming to minimize the distance travelled.

8. Consolidating packages at intermediate facilities could increase the efficiency of the network in terms
of distance travelled. It would result in higher ground times, which could imply lower required fleet
sizes.
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90 7. Recommendation

To conclude, continuing the study with the suggested recommendations could allow to improve the accuracy
of the proposed design aspects for the P2P network and the H&S network. Moreover, there is more space for
optimization for the H&S network by integrating point 4 to point 8 which could potentially result in better
performances, such that the H&S network would be preferred over the P2P network.
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Market Research

Figure A.1: Worldwide e-commerce share of retail sales, [33]

Figure A.2: Canada retail e-commerce sales [82]
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92 A. Market Research

Figure A.3: Global size of the CEP market [83]

Figure A.4: Distribution of online shoppers in Canada by location [75]

Figure A.5: Home delivery versus other location deliveries globally 2019 [84]
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Figure A.6: Cross-border purchases weight [76]

Figure A.7: Barriers for online shoppers to not purchase products cross-border [85]





B
Toronto Demographics

Figure B.1: City of Toronto with regions
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C
Demand for Toronto Departures

The data set with packages smaller than 4.5 kilograms is addressed in Subsection (C.1). It shows the full analy-
sis and highlights the differences with the data set of the bigger packages. If there is no difference mentioned,
it can be assumed that both data sets follow a similar distribution. All graphs of the demand of bigger pack-
ages for Toronto departures are displayed in Subsection (C.2). The appendix is concluded with scenarios for
both data sets (C.3).

C.1. Small Packages
Observing the average packages departed from Toronto for each DoW over the past four years shows an av-
erage of 44 packages, see Figure C.1. The graph shows again a higher demand during the weekdays just as
explained in Subsection (4.3.1). The highest average of 53 package departures is seen on Fridays, whereas the
packages smaller than 11.3 kilograms see the highest average of 92 on Wednesdays, see Figure C.7. For both
data sets, the differences between the weekdays and weekends are less significant compared to the arrivals in
YYZ. There is also no clear growing or shrinking pattern from 2016 to 2019.

Figure C.1: Average number of package departures by DoW per year

The distribution of package departures per day does not correlate with the arrivals, see Figure C.2. It has an
average of 6 departures per time frame, but with strong varieties between each time frame. Late night has
zero departures and peaks during the end of the morning with an average of 10 packages. At opening time, an
average of 18 packages is expected to be picked-up when considering the early night, late night, early evening,
and late evening time frames.
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98 C. Demand for Toronto Departures

Figure C.2: Average number of package departures by time frame per year

The distribution of package departures per Fridays per year is shown in Figure C.3. According to data it has
an average of 7 packages per time frame, which is one package on average more than seen in Figure C.2. They
also share a similar distribution over the day, but the number of package departures on Fridays seem to occur
more during the late afternoon and evening rather than in the late morning. Which has a considerable impact
on the demand of package departures at opening time of the Drone Delivery Network as it rises the average
demand on Fridays to 24 packages compared to the average demand of 18 packages for all days discussed
previously. The data set of 11.3 kg sees, however, a small increase of 4 packages from 33 to 37 packages out-
side opening hours of the Drone Delivery Network on Wednesdays, see Figure C.9.

Figure C.3: Average number of package departures by time frame on Fridays per year

The trend of package demand is observed per month to consider any potential seasonality in Figure C.4. Ob-
serving the graph shows the highest demand of package departures during the month June, which has an
average of 2422 package departures over the four years. The first four months of the year have a downtrend
of demand and the last five moths show a relative constant demand over the years.
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Figure C.4: Total number of package departures per month

When looking at the demand for package departures in June, the average of 50 packages can be observed in
Figure C.5. The pattern is rather similar as seen previously with the average number of package departures
by DoW per year in Figure C.1. Both have a peak on Friday, however, Fridays in June have a higher average
of 10 packages. Packages smaller than 11.3 kg see also no significant change in the distribution with also an
increase of 10 packages on average, which is a relative weak seasonal impact, see Figure C.11. The pattern
from 2016 to 2019 is also for both data sets rather scattered.

Figure C.5: Average number of package departures per DoW in June

The next drill down is focused on Fridays in the month June over the four years, see Figure C.6. It clearly shows
that there is a higher demand of package departures in the late afternoon and evening compared to the other
day times. Early evening has the highest demand with an average of 15 packages. Which is a shift from a peak
in the late morning that was observed in the graph average number of package departures by time frame per
year C.2. In addition, the demand tends to be constant over the four years during the night and in the early
morning. Whereas the late morning sees relatively a steady growth pattern over the years with the other time
frames a rather scattered pattern over the years. Packages smaller than 11.3 kg see a constant peak in the late
morning for the different days and months discussed, see Figure C.12.

Considering the opening times of the Drone Delivery Network, one can expect on average a demand of 31
or 43 packages to depart from the City of Toronto in the morning at opening in June on Fridays for packages
smaller than 4.5 kg and smaller than 11.3 kg respectively. Which is almost a double relative to the average of
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package departures over a year that was observed from Figure C.2 for the small packages. Whereas packages
smaller than 11.3 kg see an increase of 30%.

Figure C.6: Average number of package departures by time frame in June on Fridays

C.2. Big Packages

Figure C.7: Average number of package departures by DoW per year
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Figure C.8: Average number of package departures by time frames per year

Figure C.9: Average number of package departures by time frames on Wednesday per year

Figure C.10: Total number of package departures by month
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Figure C.11: Average number of package departures by DoW in June

Figure C.12: Average number of package departures by time frames on Wednesdays in June
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C.3. Scenarios
The scenarios are displayed in Table C.1 and set-up similarly as explained in Subsection (4.3.2).

Table Scenario 1: Base Case Scenario 2: Better Case Scenario 3: Bull Case

Time
Frame

1.1)
Small
Pack-
ages

1.2) Big
Pack-
ages

2.1)
Small
Pack-
ages

2.2) Big
Pack-
ages

3.1)
Small
Pack-
ages

3.2) Big
Pack-
ages

Opening 31 43 45 60 64 86
Morning
1

6 14 8 20 12 28

Morning
2

10 21 14 28 20 40

Afternoon
1

4 8 6 11 8 16

Afternoon
2

14 17 20 24 28 34

Total 65 103 93 143 132 206

Table C.1: Scenarios





D
Demand for Package Arrivals in Toronto

Data set with packages smaller than 11.3 kilograms is addressed here:

Figure D.1: Average number of package arrivals by DoW per year
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Figure D.2: Average number of package arrivals by time frames per year

Figure D.3: Average number of package arrivals by time frames on Tuesday, Wednesday, Thursday and Friday per year
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Figure D.4: Total number of package arrivals by month

Figure D.5: Average number of package arrivals by DoW in May

Figure D.6: Average number of package arrivals by time frames on Thursdays in May
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Figure D.7: Average number of package arrivals by month during the evening and night

Figure D.8: Average number of package arrivals by DoW during the evening and night in August



E
Retrieval Times

Flights from 2016 to 2019 are considered to assess the average time it takes for a package to be received in
the warehouse after aircraft landing, see figure E.1. The average retrieval time is shown by product group
per year. Most product groups have on average inconsistent retrieval times. AC Expedair is the only product
group with a relative constant retrieval time, with an average of 49 minutes. It is one of the most expensive ser-
vices that Air Canada provides explaining also the quick retrieval time compared to the other product groups.
The Drone Delivery Network aims to provide quick home delivery services. It is, therefore, assumed that Air
Canada will implement the AC Expedair service for packages dedicated for the Drone Delivery Network.

Figure E.1: Average retrieval times per cargo type
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F
Air Canada Cargo Trend

From Subsection (1.1.3) it is expected to see a strong rise in demand for small parcels globally. But surpris-
ingly, from Section (4.3) Air Canada did not see a clear increase in demand for small parcels from 2016 to
2019. For a better overview of the demand, a trend line for both package arrivals at Toronto and departures
from Toronto per month for both package data sets, are shown in Figure F.1, and Figure F.2 respectively. The
trend lines between packages smaller than 4.5 kilograms and smaller than 11.3 are approximately the same.
The only minor difference can be observed from the arrivals where packages of up to 11.3 kilograms have a
smaller decreasing trend line over the years. The more outsanding observation comes from the fact that all
trend lines are trending downwards. However, when looking purely at the total weight transported to Toronto,
Air Canada observes an increase in demand over the four years as shown in Figure F.3, but still a decrease in
the demand from Toronto, see Figure F.4.

Figure F.1: Trend total package arrivals per month Toronto
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112 F. Air Canada Cargo Trend

Figure F.2: Trend total package departures per month Toronto

Figure F.3: Trend total package weight arrivals per month Toronto

Figure F.4: Trend total package weight departures per month Toronto

The inverse correlation between the number of packages and the total weight arriving at Toronto can be ex-
plained by consolidation. Freight forwarders consolidate pieces onto one skid that is registered as one piece
with Air Canada causing an increase in weight but not in pieces. The inverse correlation as shown by the two
graphs F.1, and F.3 is bigger than with packages of up to 11.3 kg. Allocation of small packages into a big cargo
belly of an airplane, or even in trucks, gets much more efficient when they are consolidated onto one skid.
Which explains the bigger inverse correlation for the smaller packages. The demand for the number of pack-
ages and the total weight arriving at Toronto are, however, both in a decreasing trend. Many different factors
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can influence this matter, but there is no direct evident explanation. Changes in the flight schedule, extra
truck routes taking cargo weight from the planes, but also network changes and market share from Chicago,
Montreal, Boston, and New York can take cargo weight away from Toronto. In other words, this explanation
is most likely due to network changes which is not the focus and, therefore, outside the scope of this project.

Due to the pandemic, Air Canada was forced to switch its business core temporarily from transporting pas-
sengers to transporting cargo. It has done so successfully by being the first airline to convert passenger aircraft
into freighters. The results payed off in Air Canada’s benefit as they were pleased to see that they were able to
gain market share. Considering its freighter success and its strong believe in a rapid increasing e-commerce
growth, Air Canada decided in 2021 to pursue operation with freighters. Moreover, customer behaviour was
changing, it has changed during the pandemic, and according to Air Canada will continue the same trend
with more demanding customers. As customers were pleased with the adapted solutions, they will continue
to expect adapted solutions to the benefit of the customers. As such, maintaining operation of the freighters,
Air Canada is expecting to see a continuous growth in its cargo operation including e-commerce demand.
Moreover, adding a home delivery service by drones will enable Air Canada to reach new customers, gain e-
commerce market share, and an expected growth in satisfied customers by meeting their higher expectations.





G
Satellite useage

Scenario 1 - Base Case (wgt<11.3kg)

Satellite 1, Satellite 2, Satellite 4, and Satellite 10 are displayed in figure G.1, figure G.2, figure G.3, and in figure
G.4 respectively. See table G.1 for a summary of Satellite 1 and Satellite 2. Satellite 4 and Satellite 10 are left
out due to its insignificant impact on the network. They are also not normally distributed which would skew
the variables in the table.

Figure G.1: Satellite 1, 10.000 runs - Base Case (wgt<11.3kg) Figure G.2: Satellite 2, 10.000 runs - Base Case (wgt<11.3kg)

Figure G.3: Satellite 4, 10.000 runs - Base Case (wgt<11.3kg) Figure G.4: Satellite 10, 10.000 runs - Base Case (wgt<11.3kg)
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Satellite Average
#pack-
ages

Variance Standard
devia-
tion

C.I.
lower
limit

C.I.
upper
limit

Satellite 1 72 18 4.2 63 80

Satellite 2 17 14.4 3.8 9 24

Table G.1: CI of Satellites 1 and 2 - Base Case (wgt<11.3kg)
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Scenario 2 - Better Case (wgt<4.5kg)

Satellite 1, Satellite 2, Satellite 4, and Satellite 10 are displayed in figure G.5, figure G.6, figure G.7, and in figure
G.8 respectively. See table G.2 for a summary of Satellite 1 and Satellite 2. Satellite 4 and Satellite 10 are left
out due to its insignificant impact on the network. They are also not normally distributed which would skew
the variables in the table.

Figure G.5: Satellite 1, 10.000 runs - Better Case (wgt<4.5kg) Figure G.6: Satellite 2, 10.000 runs - Better Case (wgt<4.5kg)

Figure G.7: Satellite 4, 10.000 runs Better Case (wgt<4.5kg) Figure G.8: Satellite 10, 10.000 runs - Better Case (wgt<4.5kg)

Satellite Average
#pack-
ages

Variance Standard
devia-
tion

C.I.
lower
limit

C.I.
upper
limit

Satellite 1 54 13.7 3.7 46 61

Satellite 2 13 11.2 3.3 6 19

Table G.2: CI of Satelltes 1 and 2 - Better Case (wgt<4.5kg)
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Scenario 2 - Better Case (wgt<11.3kg)

Satellite 1, Satellite 2, Satellite 4, and Satellite 10 are displayed in figure G.9, figure G.10, figure G.11, and in
figure G.12 respectively. See table ?? for a summary of Satellite 1 and Satellite 2. Satellite 4 and Satellite 10 are
left out due to its insignificant impact on the network. They are also not normally distributed which would
skew the variables in the table.

Figure G.9: Satellite 1, 10.000 runs - Better Case (wgt<11.3kg) Figure G.10: Satellite 2, 10.000 runs - Better Case (wgt<11.3kg)

Figure G.11: Satellite 4, 10.000 runs - Better Case (wgt<11.3kg) Figure G.12: Satellite 10, 10.000 runs - Better Case (wgt<11.3kg)

Satellite Average
#pack-
ages

Variance Standard
devia-
tion

C.I.
lower
limit

C.I.
upper
limit

Satellite 1 100 24.7 5 90 109

Satellite 2 25 20.5 4.5 16 33

Table G.3: CI of Satellites 1 and 2 - Better Case (wgt<11.3kg)
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Scenario 3 - Bull Case (wgt<4.5kg)

Satellite 1, Satellite 2, Satellite 4, and Satellite 10 are displayed in figure G.13, figure G.14, figure G.15, and
in figure G.16 respectively. See table G.4 for a summary of Satellite 1 and Satellite 2. Satellite 4 and Satellite
10 are left out due to its insignificant impact on the network. They are also not normally distributed which
would skew the variables in the table.

Figure G.13: Satellite 1, 10.000 runs - Bull Case (wgt<4.5kg) Figure G.14: Satellite 2, 10.000 runs - Bull Case (wgt<4.5kg)

Figure G.15: Satellite 4, 10.000 runs - Bull Case (wgt<4.5kg) Figure G.16: Satellite 10, 10.000 runs - Bull Case (wgt<4.5kg)

Satellite Average
#pack-
ages

Variance Standard
devia-
tion

C.I.
lower
limit

C.I.
upper
limit

Satellite 1 78 19.6 4.4 69 86

Satellite 2 19 15.9 4 11 26

Table G.4: CI of Satellites 1 and 2 - Bull Case (wgt<4.5kg)
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Scenario 3 - Bull Case (wgt<11.3kg)

Satellite 1, Satellite 2, Satellite 4, and Satellite 10 are displayed in figure G.17, figure G.18, figure G.19, and
in figure G.20 respectively. See table G.5 for a summary of Satellite 1 and Satellite 2. Satellite 4 and Satellite
10 are left out due to its insignificant impact on the network. They are also not normally distributed which
would skew the variables in the table.

Figure G.17: Satellite 1, 10.000 runs - Bull Case (wgt<11.3kg) Figure G.18: Satellite 2, 10.000 runs - Bull Case (wgt<11.3kg)

Figure G.19: Satellite 4, 10.000 runs - Bull Case (wgt<11.3kg) Figure G.20: Satellite 10, 10.000 runs - Bull Case (wgt<11.3kg)

Satellite Average
#pack-
ages

Variance Standard
devia-
tion

C.I.
lower
limit

C.I.
upper
limit

Satellite 1 144 35.8 6 132 155

Satellite 2 35 29.5 5.4 24 45

Table G.5: CI of Satellites 1 and 2 - Bull Case (wgt<11.3kg)
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