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ABSTRACT

In this dissertation, | study a relatively novel variant form of traveling salesman problem
(TSP), i.e. traveling salesman problem with time windows and a drone (TSPTWD) or multiple
drones (TSPTWmD) with intermediate points. Mathematical models and metaheuristics were
successfully developed, and numerical experiments showed promising savings of delivery time

versus conventional modes.

The first essay (Chapter 2) is an extension of one of the earliest studies of this topic
which established a traveling salesman model of a truck and a drone. That model only allows the
drone to be operated on customers’ sites. | developed a new model to solve a novel variant of
TSP, i.e. traveling salesman problem with time windows and a drone (TSPTWD) which can be
operated on customers’ sites and intermediate points. Computational experiments have been
implemented to test my new model. The results of small size problems (less than seven
customers) showed that my new model can save delivery time as large as 42.8% than the
traditional pure truck TSP model. Comparing with the existing model of a truck and a drone
operated only on customers’ sites, my new model further increased the saving as large as 2.85%.
And that saving could be even larger if | implement my model on larger size problems (with

more customers).

Due to the NP-hardness, only small size problems (less than seven customers) can be
solved exactly in a practical period (less than one hour). Some LP heuristics can provide
relatively good solutions within a shorter time. But that computing time will also increase too
large with growing problem size. Then | developed other heuristics or metaheuristics to solve

large size problems within an acceptable period in the second essay.

www.manaraa.com



viii

In the second essay (Chapter 3) | developed multiple heuristics and metaheuristics to
solve TSPTWD problems with as many as 100 customers which are likely the size of problems
in the real world. At first, the problem of poor-quality solutions had been met and a series of
improvement strategies were initiated. Those strategies were developed based on the specific
nature of this novel problem TSPTWD. When those strategies were implemented the
metaheuristics generated solutions with much higher quality.

Numerical experiments were designed and implemented to test the developed
metaheuristics and the impact of factors. The results showed that the algorithm SA_01
outperformed SA_02 and the naive method of TSPTWD. My model can save as large as 26% of
the delivery time than the traditional pure truck TSP. The idea of my research to provide
intermediate points on arcs did generate more delivery time savings than only operating the
drone on customers’ sites. That improvement could be as large as 4%. The results also showed
that lower customer density provides more opportunities for delivery time saving.

In the third essay (Chapter 4) | developed a new mathematical model of traveling
salesman problem with time windows and multiple drones (TSPTWmD) which can be operated
on customers’ sites and intermediate points and two metaheuristics, i.e. simulated annealing 02,
03 (SA _02, SA _03) to solve TSPTWmD problems as large as 100 customers which is similar to
the size of problems in the real world.

The improvement strategies of essay 2 were implemented and multiple drones were
incorporated into the new metaheuristics. Computational experiments were designed and
implemented to test the developed metaheuristics and the impact of factors. The results showed
that algorithm SA_03 outperformed SA_02 and it is even better than SA_01. The delivery time

saving can be as large as 32.1% comparing with the traditional pure truck TSP. The idea of my
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research to provide multiple drones did generate more delivery time savings than only using one
drone. The results show that the delivery time could be further reduced as large as more than 5%.
The impact of factors is similar as demonstrated in Chapter 3 that lower customer density

provides more opportunities for delivery time saving.
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CHAPTER 1. GENERAL INTRODUCTION

Introduction

In recent decades people have realized that we should pursue not only economic profits
but also sustainable developments in our business activities (Butlin, 1989). Transportation is an
important part of modern business and logistics operations. Traditional transportation research
has been developed for almost six decades. Lots of exact algorithms and heuristics are developed
to solve those problems (Laporte, 2009). In recent years urban logistics receives more attention
than before because more than half of the people on the earth are living in urban areas (Donath,
2014). Increased usage of individual transportation along with the decreased usage of public
transportation leads to more problems of congestion and pollution in urban areas (Rose et al.,

2017b, Figliozzi, 2011).

It is shown that over 50% of the world population are living in metropolitan areas,
consume about 75% of worldwide energy, and emit 80% greenhouse gasses. By 2050, those
areas will house about 70% of all people (Princeton, 2020). Urban living brings convenience to
residents but also leads to negative impacts, e.g. congestion and pollution, etc. At the same time,
the rapid development of e-commerce raises new challenges to the last-mile delivery since they
need more and more direct shipment to consumers (Savelsbergh and VVan Woensel, 2016,
Durand et al., 2013). Some improvements have been made to mitigate those problems, e.g.
leveraging the power of big data to improve city logistics (OECD, 2015), deploying alternative
fuel vehicles(AFV) to reduce pollution (Erdogan and Miller-Hooks, 2012), implementation of
off-hour or night deliveries to reduce congestion and increase efficiency (Holguin-Veras et al.,
2011, Fu and Jenelius, 2017), crowdsourced logistics or sharing economy business models

augmenting urban distribution capability (Castillo et al., 2018). Some emerging new
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technologies have been used to solve those problems one of which is the so-called unmanned

aerial vehicles (UAV) or drones (Savelsbergh and VVan Woensel, 2016).

Drone deliveries could become a novel, promising mode of deliveries in modern cities.
For example, Amazon CEO Jeff Bezos says 86 percent of the products Amazon delivers today
weigh five pounds or less (Guglielmo, 2017). Five pounds is a common payload capacity of a
normal commercial drone. Some of them can even deliver stuff as heavy as 10 pounds (Perez
and Kolodny, 2017). That means most parcels’ last-mile deliveries might be accomplished by
drones. Due to the faster speed (Transport Topics, 2017), cheaper cost (Keeney, 2015), and
lower emission (Goodchild et al., 2018) of drones, we can expect multiple benefits by deploying
drones in the future logistics. Some business has begun to test deliveries by drones. For instance,
Amazon initiated its first prime air delivery in 2016 (Weise, 2016) and Figure 1(a) (McNabb,
2016), DHL delivered medication to an island since September 2014 (Hern, 2014), UPS arranged
a last-mile delivery test with a drone in February 2017 as shown in Figure 1(c) (Weise, 2017).
The drone can be launched and received at any appropriate point on the road to help to deliver
parcels to customers. Considering about 66,000 UPS drivers on the road each day, about $50
million will be saved if only one mile is reduced per driver per day over a year (Transport
Topics, 2017). FAA has granted the first commercial drone delivery license to UPS (UPS, 2019).
Some analyses showed that there are a fast-growing parcel delivery market and great
opportunities for drones. It is estimated that 107 billion parcels were delivered in 2019 for
revenue of $350 billion, which would be increased to 289 billion parcels in 2030 for revenue of
$665 billion. Automated last-mile deliveries are projected to yield $48 billion in revenue by 2030
and account for about 20% of parcel deliveries (Martin, 2020). The report indicates that there are

four categories of auto last-mile deliveries, i.e. drones (with vehicles), legged robots, wheeled
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robots, and autonomous vehicles. Even drones only deliver a quarter of the estimated volume, it
is a market of about $12 billion and 14 billion parcels. All of these indicate an emerging new
mode of transportation- drone assisted parcel delivery. Due to the fast speed, low energy
consumption, and low cost of drones, their involvement in the last-mile logistics should be able
to reduce both cost and pollution. The research on scheduling such a new mode of transportation

must be necessary.

amazon .
~1Drime Air

(a) (b)

Figure 1. Drones were tested or permitted to delivery parcels

Literature Review

Urban Logistics and Last-Mile Deliveries

United Nations predicts an additional 2.5 billion urban dwellers in the next 35 years.
Urban evolution over the past half-century has led to a need for new urban logistics said Rose et
al. (2017a). The authors pointed out several future research directions, e.g. resource
management, vehicle routing problems, network design, inventory management, etc. Last-mile
logistics is regarded as the last part of supply chains to provide door to door service(Lee and
Whang, 2001). It is also considered as the most expensive and least efficient part of supply

chains (Gevaers et al., 2011).
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Traveling Salesman Problem

As an important part of the last-mile delivery, parcel delivery is typically modeled as a
traveling salesman problem (Don (2013)). In this classical problem, a vehicle is required to start
from a point to visit all other points one time and only one time and finally come back to the
starting point. The goal of the problem is to find the shortest distance path to finish the above-
described journey. This problem has been proved as an NP-hard problem (Karp, 1972). It has
received a lot of attention from researchers and a variety of algorithms have been developed.
There are exact algorithms (Christofides, 1970, Held and Karp, 1971, Carpaneto and Toth, 1980,
Balas and Christofides, 1981, Miller and Pekny, 1991, Applegate, 2006) and heuristics (Lin and
Kernighan, 1973, Kirkpatrick et al., 1983, Glover, 1977, Helsgaun, 2000). Good reviews of this

problem can be found in Laporte (1992), Reinelt (1994) and, Applegate (2006).

Truck and Drones Deliveries

Using drone(s) assisted trucks to deliver parcels is a relatively new research topic.
Murray and Chu (2015) is one of the earliest research to introduce a variant of the traditional
traveling salesman problem (TSP) within which a drone works together with a truck to deliver
parcels and the delivery time can be reduced. The authors set up a mixed-integer programming
model to describe the problem and called it flying sidekick TSP (FSTSP). They developed
several heuristics to solve those problems. The drone can deliver some parcels for the truck to let
it go back to the depot earlier (Figure 2 left).

Dorling et al. (2017) developed a model to solve a delivery problem of a fleet of drones
based on a depot. It is similar to the traditional vehicle routing problem but replaces conventional
vehicles by drones. They considered the cost of drones and solved the problem to minimize cost

or minimize total delivery time subject to a budget constraint.
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Agatz et al. (2018) examined a traveling salesman problem whose vehicle is assisted with
a drone to implement last-mile deliveries. They considered the situation that the drone may
launch and recover on customers’ sites. An ILP model like the set partitioning model was
developed. They made a theoretical analysis to prove the lower bound of saving. Several
heuristics are also proposed to solve large size problems, such as a route first and cluster second

algorithm.

Wang et al. (2017) discussed mathematical models of vehicle routing problems with
drones (VRPD). One truck takes multiple drones that do not change their hosts. The authors
derived and proved a few worst-case results on VRPD to demonstrate the maximum savings that
can be obtained from using drones. Their research assumed that drones travel the same street
network as trucks rather than Euclidean distances. Drone battery’s capacity was considered as

arbitrarily large and drones can only be released and picked up at customers’ sites.

A research of Goodchild et al. (2018) compared two delivery models, i.e. only by trucks
or only by drones. They focused on the level of CO2 emission and found that traditional

vehicles’ emission could be as high as seventy times of drones.

To my best knowledge, there are no studies about utilizing intermediate points with one
drone or multiple drones. | attempt to fill in this gap in the literature by utilizing a finite number
of discrete intermediate points on arcs. The intermediate points can provide more flexibility to
the driver to choose more efficient truck and drone routes saving more delivery time compared to
the existing model, where the drone is operated only on customers’ sites. The pilot test of a truck
and a drone by UPS (Transport Topics, 2017) shows that UPS was using intermediate points to
operate their drone. Most existing studies about a truck and a drone delivery do not consider the

effect of time windows. As a matter of fact, time windows are naturally required in the daily
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operation of parcel delivery especially for business customers (Don, 2013). Practitioners also
reported that time windows could bring a negative impact on their trucks scheduling, e.g. a truck
may have to visit the same area twice due to the requirements of time windows. Time windows
of customers will bring extra constraints to the model. It leads to more complex problems and
reduces the quality of solutions. It is necessary to face this challenge and try to find high-quality
solutions. That means the incorporation of time windows into this new mode of truck and
drone(s) delivery is natural and critical to practitioners and researchers. Then | decided to
incorporate time windows into my research to meet the requirements of practitioners and fill the
gap in the literature. | also discussed my idea with some practitioners from transportation or
parcel delivery companies. They were all interested in my idea and believed that my idea should

be able to operate in the real world.

Dissertation Organization

My dissertation has a three-essay format. Chapter 2 is the first essay that develops a
model of traveling salesman problem with time windows and a drone (TSPTWD) and
intermediate points. | will solve the model and find exact optimal solutions for small size
problems and with several LP heuristics to reduce computing time. Chapter 3 is the second essay
in which several heuristics and metaheuristics will be developed to solve large-sized problems of
TSPTWD. Chapter 4 is the third essay, a model of traveling salesman problem with time
windows and multiple drones (TSPTWmD) with intermediate points will be introduced to solve
large-sized problems with several metaheuristics. In each of the above-mentioned chapters,
computational experiments were implemented, and the results showed the comparison of

different algorithms, the impact of factors on the delivery time savings of my new models, etc.
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Chapter 5 is the general summary of all the findings of the three essays and the possible future

research.
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CHAPTER 2. TRAVELING SALESMAN PROBLEM WITH TIME WINDOWS AND A
DRONE (TSPTWD): LAUNCHED AND RECEIVED AT INTERMEDIATE POINTS

Model Formulation

Problem Definition and Illustrations

Some studies have been developed based on the idea of incorporating drones into
traditional transportation modes. Dorling et al. (2017) examined the model of a fleet of drones
deliver parcels to customers based on a depot. It is similar to traditional vehicle routing problems
(VRP). In this model, drones cannot reach customers farther than their flying range. A natural
extension is to let a truck carry a drone to some remote area and deploy it to serve some of the
last-mile deliveries. Murray and Chu (2015) initiated a traveling salesman problem modeling the
combined delivery by a truck and a mounted drone. This new approach absorbs the advantages
of a truck and a drone, i.e. the larger range of a truck and the faster speed and lower cost of a
drone. It could become an effective way to face the challenge of fast growing last-mile

deliveries.

My first essay will be developed based on the research of Murray and Chu (2015). Their
model only allows the drone to be launched and received on the customers’ sites. I will
generalize it to some discrete intermediate points on the arcs between customers. That will
provide more flexibility to drivers and to reduce the total delivery time further, e.g. Figure 2.
Other contributions are more generalized assumptions will be added, e.g. waiting times between
the truck and the drone will be incorporated, all nodes can be used multiple times, out of route
distances will be considered which exist in the real world, etc. Some decision variables will be

removed from the current model to simplify the problem.
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To relate my model more closely to the real world, some points may not allow the
operation of launching or receiving a drone due to the restriction of some special areas, e.g.
airports, gas stations, high-density residential areas, etc. If some areas cannot be used, then some
nodes may have to be used more than once to receive the drone. That will also be incorporated
into my model. In the daily operation, the driver may have to drive a short distance out of the
main road to stop and operate the drone. Those out-of-route times will also be considered in my
model because to operate the drone on intermediate points the truck may stop more times than
the model only operates on customers’ sites. The example in Figure 2 shows that the new model
needs two more stops in the serving process from node 0 to node 6. Even the flexible options can
help to save delivery time, the extra stopping times, e.g. the extra time to decelerate and
accelerate again near the intermediate points on arcs (0,2) and (3,6), will be considered in the
new model to get a better estimation of the time saving of the new model. The extra stopping
time (tex) can be proved to be proportional to the average speed on the arcs. Details can be found

in appendix A.

Figure 2. (left) existing model; (right) new model with intermediate points
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10

Figure 2(left) shows the original model of Murray and Chu (2015) in which the truck
driver can launch and receive the drone at customers’ sites. Figure 2(right) demonstrates my new
model, i.e. traveling salesman problem with time windows and with a drone (TSPTWD), which
allows the drone to be launched and received at some intermediate points on arcs. Several
benefits can be generated by my proposed TSPTWD. First, the total delivery time can be
reduced. Second, some customers which cannot be served by the drone in the previous model
(FSTSP) due to the long distance over than maximum limit of the drone might be able to be
delivered by the drone by launching and receiving it at some nearer intermediate points. Third,
the allowance of using the intermediate points provides more flexibility to the truck driver to

meet the customers’ requirements of time windows.

__,5’.@‘"-5__.11 ,,{@Lu
@ 8.0 @ @ Fx 1.@

Figure 3. intermediate points help to reduce delivery time

An example is shown in Figure 3 to demonstrate the above mentioned three potential
benefits by using intermediate points to launch and receive drones. The literature shows that the
translational speed of commercial drones could be as fast as 45mph (Perez and Kolodny, 2017).
The average speed of a parcel delivery vehicle is about 20mph (Barnitt, 2011). To simplify the
calculation, we consider the drone’s speed is twice the truck which means the drone uses half the
time of the truck to traverse a given distance. As shown in figure 3, the solid line the route of the
truck and dash lines are for the drone. The distance traveled by the truck from A to B is 8 and the
traveling time interval is also 8 time units. In the previous research, the drone can only be

launched and received on nodes. So the drone’s flying time on the branch route 0—1—2 is
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(5+5)/2 = 5. That means the truck needs to wait 3 time units and the total time to serve customers
0,1,2 by the truck and drone is 8 time units. If the driver uses our proposed strategy to launch or
receive the drone on any eligible intermediate points, e.g. launching on 0, delivering at 1 and
receiving on the midpoint of 0 and 2. Then the traveling time from 0 to midpoint for the truck is
4 and for the drone is (5+3)/2 = 4 too. After receiving the drone, the truck continues its trip to 2
and finishes the task in 8 time units. It looks like the team of truck and drone spends the same
time units (8) in the two scenarios, but time does have been saved. Note that in our proposed
procedure the drone is received 4 minutes after its launch but in the previous approach it comes
back to the truck is 8 minutes (flying 5 minutes plus hovering 3 minutes). In the new procedure
the drone is received 4 minutes earlier (a time saving of 50%) has at least two advantages. First,
the drone can be relaunched earlier than in the old way to help the truck deliver more parcels to
save the total service time. Second, the drone’s working time (flying and hovering) has been
saved 50%, that means the energy of the drone is also saved 50% which has an obvious
contribution to sustainable operation. The third advantage of the novel approach is that some
ineligible customers may become eligible for drone delivery due to their long traveling distance
larger than the range of the drone. In my example, if the distance of 0—1—2 is longer than the
traveling limit of the drone, then customer 1 was ineligible for the drone in the old model. It may
become eligible in our model since the drone’s traveling distance can be reduced. Forth, since
time can be saved in the new model the team of the truck and drone will have more capability to
meet other customers’ time window requirements which may not be fulfilled with the previous
model. Although we cannot state that our proposal of using intermediate points for drones can
always save time and energy as high as 50%, there is evidence that our new strategy can provide

more opportunities to further optimize this truck and drone delivery model.
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diversion point
to intermediate
point ijr

segment arc [segment arc
[i,ij1] [ir,ijr+1)] segment arc
[ijr,;jl

Figure 4. Intermediate points, diversion points, and segment arcs

To solve this problem with continuous intermediate points is difficult. So we discretize
each arc in the following way and demonstrate it in Figure 4. Since not all the points on an arc
are allowed to operate drones, e.g. on the highway, near the intersections, near an airport, etc.,
we choose and call those eligible points, e.g. parking lots, parks, rest areas, for launching and
receiving drones on an arc as the intermediate points. To make the situation more generalized,
we consider those intermediate points are not always exactly on the arc because in the real world
they maybe a little bit away from the arc or out of the route. The point from where an
intermediate point diverges from the main arc is called the diversion point. We denote the rt"
intermediate point on arc ij as ijr, the out of route distance of ijr is the distance between ijr and its
corresponding diversion point which is denoted as eijr. When a truck traverses on the arc ij and
visits the intermediate point ijr to either launch and or receive the drone, its total distance out of
the route is 2eijjr. A practitioner’s pilot test (UPS, 2017) showed that normally the kind of
distances are not very large (about 3~5 meters) when compared with the average distance
between consecutive customers in a typical parcel delivery which is about one mile or even

shorter (Don, 2013, Lammert and Walkowicz, 2012). My model intends to minimize the total
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delivery time. Then the out of route distances will bring extra time not only by the extra distance
but also by the extra stopping and restarting processes. The calculation of the extra time tex is
discussed and calculated in Appendix A. The total number of intermediate points on arc ij is rij
and the number of segment arcs separated by the intermediate points and nodes i, j is rij+1. To
reduce the number of decision variables we keep a unique name for each customer or node (e.g.
i, j, ... etc.) rather than assign multiple names ij0, ik0, il0... to one node i. More details can be
found in the explanation of constraints (2g_01) ~ (2g_04). Note that some intermediate points
may belong to multiple arcs. For example, ijr is the r'" intermediate point of arc ij and it is also
the k™ intermediate point of arc hi, so it has another name as hik with an out of route distance
enik. In my model, I define segment arcs between two neighboring points and to the incremental
direction. For example, [ijr, ij(r+1)] describes the segment of arc from ijr to ij(r+1). Two special
cases are the beginning and ending ones, i.e. [i, ij1] and [ijrij, j] which denotes the segment of arc
from node i to the first intermediate point ijland from the intermediate point ijrij to node j. Arcs
from an intermediate point to another customer are allowed in branch routes of the drone and

will be discussed later.

Proposed Model TSPTWD

To define the TSPTWD model we denote the set of customers as V = {1,2,...,n}. The
depot is noted as 0, n+1, and acting as the starting and ending points of the route. The set of all
the intermediate points is R. V” is the set of visits to the customers including V and dummy
points of each element of V to permit multiple visits to customers. Similarly, R’ is the set
including R and corresponding dummy points of elements of R to allow multiple visits to the
intermediate points. Time windows for all customers and the depot are [ej, li], ieVon+1 =

{0,1,2,....,n, n+1} and [eo, lo] = [en+1, In+1] = [E, L]. Let tijr be the time instant that the truck
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arrives at a point ijr € Vg 11 = Vgne1 U R, and tijr, ijr+1)) the time interval of the truck
traversing the segment arc [ijr, ij(r+1)] (ijr € V5 = Vy U R"). Then tij’ is the time instant that the
drone arrives at the intermediate point ijr€ Vy .. , and t[ijr1, k1, Tk, Imr2] the time interval of the
drone traversing the branch arcs [ijr1, k] and [k, Imr2] (ijr1 € Vg, [ijry, k, Imr2] €B). B is the set of
all the possible branch routes [ijry, K, Imrz] of the drone traveling to all the customers Kk in the set
of the eligible customers for the drone to deliver V4 < V. We let tojo = tojo” = 0, j€Vn+1. Then,

TSPTWD can be defined on a directed graph G = (Vg ,41, 4), Whereas the set of arcs A =

{(l,j)ll € Vé,] € VTfL+1Ji :/:]}

Figure 5. A drone utilizes two intermediate points to visit a customer

In my model, the drone can be launched from all the customers’ sites, intermediate
points, and the starting point depot, i.e. the set V5 = V; U R’. It can be received at all the
customers’ sites, intermediate points, and the ending point depot, i.e. the set V;;,; = V.1 UR".
A branch route [ijry, k, Imr2] denotes the route traversed only by the drone from point ijrs to
customer k and then back to Imr, as shown in Figure 5. The drone also can be launched or
received at the depot. Any point (except the depot) can be used multiple times, by assigning

dummy points to all customers and intermediate points, to launch or receive the drone since in
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the real world some points might be suitable for multiple utilization or their neighbors are not
allowed to operate the drone. Not all customers’ parcels can be delivered by the drone due to the
maximum loading weight, limited flying duration of the drone or a drone restricted area near an
airport, power plants, high-density residential areas, etc. The set of those customers which are
eligible to be served by the drone is V¢ < V. The maximum flying duration of the drone is
denoted as F. All the possible branch routes [ijr, k, Imr2] visiting all the customers in Vg form
the set B. Note that ijr1 = k = Imrz, but ijr1 and Imrz2 could be on the same arc. Note that ijry = Imr
means that within one branch route the drone is not allowed to be launched and received at the
same (mathematical) point in the model but the drone can come back to the same physical points
multiple times by using the dummy points. The driver needs some time to launch and receive the
drone which are denoted as s. and sr. In most cases, the drone and the truck cannot arrive at the
receiving point at the same time. So two decision variables wij- and w’jjr are used to indicate the
waiting time interval of the truck or the drone for their counterparts at the point ijreV;;, .
Another auxiliary binary decision variable pidert, ijre} (der, ijrseV’ U R, ijrz = der1) is introduced.
It equals 1 when the truck visits the point der; earlier than ijrs, otherwise 0. This is used to
prevent crossing branch routes as shown in Figure 6. That means the launching time instant of
the drone on ijrs cannot be between the time instants of a pair previous launching and receiving

points (i.e. dery, ghry).
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Figure 6. Overlapping branch routes of a drone should be prohibited

Notations of parameters and decision variables are described in Table 1.

Table 1. Sets, parameters, and decision variables of the TSPTWD model

Sets, Parameters:

0, n+1 Depot

V Set of all customers {1,2,.....,n}

Vi Set of eligible customers that can be served by the drone. Vg c V
Von+1 Vony1 =V U{0On+1}={01,....,n,n+ 1}

Vo Vo=Vu{0}={01,....,n}

Vi1 Vopr=Vun+1}={1,....,.n,n+1}

V' Set of visits to the customers, including V and dummy points of each

element of V to permit multiple visits to them.
VoVasi Voner Vo=V U0} Vi =V Un+1},V5n =V U{0,n+1}
Sij Number of segments on the arc ij within which there are sj-1 intermediate

points (Figure 3). ie Vo, je Vi1

Rijj Set of all intermediate points on the arc ij. R = {ij1, ij2,..., ijr, ..., §j(si-1)},
ieVo, jeVin
R Set of all the intermediate points
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Table 1 Continued

Table 1. Sets, parameters, and decision variables of the TSPTWD model

R’ Set of visits to all the intermediate points, including R and dummy points of
each element of R to permit multiple visits to them.

Ro,Ron+1 Ry =R'"U{0},Rypt1 =R U{O,n+1}

Vi Vo, Vst Voner Vi =V UR VG =VoUR Vs =V UR Vgni1 = Vgns1 UR'

[ijr1, Kk, Imr] a branch route of the drone departing from the truck at the point of ijr; to
visit a customer k then meet the truck at the point Imr.. ijr; € V5, lmr, €
Vo1, ijr # k # lmry, k € V.

B Set of all the possible branch routes [ijr1, k, Imr2] of the drone.

Tlijr, ij(r+ )] Time interval of the truck traversing from the diversion point of ijr to the
diversion point of ij(r+1). ijr € Vy.

Tex The extra stopping time of the truck traversing out-of-route to decelerate
and then accelerate again at an intermediate point. Details can be found in
Appendix A.

Tliirt, K, Tk, Imr2] Time interval of the drone traversing from an intermediate point ijr, to
customer k and from Kk to Imra. ijr1 € Vg, [ijry, Kk, Imrz] B

SL Preparing time interval by the driver for launching the drone.

Sr Receiving and recovering time interval of the drone which may include the

driver changing batteries etc.

F The maximum flying time of the drone.

[ei, ] Time windows for all customers and the depot. ie Vo n+1.
[E, L] The time window of the depot, [eo, lo] = [en+1, In+1] = [E, L]
) & >0, a small enough positive number.

M M > 0, a big enough positive number.
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Table 1 Continued

Table 1. Sets, parameters, and decision variables of the TSPTWD model

Decision variables:

Xij Binary decision variable indicating whether the arc ij is traversed by the
truck. Vi € Vg, j € Vpiq, 5.

V[ijry kimr,] Binary decision variable indicating whether the branch route [ijry, k, Imr, ]
is traversed by the drone. ijri€ V5, Imr.€ V4, ijri# K # Imry, ke V.

Zjjr Binary decision variable indicating whether the intermediate point ijr is
visited by the truck either to launch or receive the drone or do both. ijre
Vone1.

Dldery,ijrs] Binary decision variable equals to 1 when the truck visits the point der;
earlier than ijrs, and 0 otherwise. ders, ijrs€ V*, ijrs = der:. Referring to
Figure 5.
Ploijr] = 1Vijr € V™.

tii=>0 Arrival time instant of the truck at a point ijré Vg ,41. (to = 0)

t"i5>0 Arrival time instant of the drone at a point ijré Vg ,41. (t°0= 0). They will be
removed in the simplified model TSPTWD?2.

Wijr>0 Waiting time interval of the truck (for the drone) at point ijre V,;,,. They
will be removed in the simplified model TSPTWD?2.

w’ijr>0 Waiting time interval of the drone (for the truck) at point ijreV,,,. They

will be removed in the simplified model TSPTWD?2.

The objective of this original model TSPTWDL is to minimize the total delivery time.

(TSPTWD1) Min t,,, (1)

I make sure the routes of the truck and drone are valid.
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s.t. Z Xpk + Z Z Viijry kimr,] = 1 VkeV (2a)

heVy,h#k ijrieVy ImryeVy,
Z Xoj =1 2b)
jEVT:+1
Z Xitn+1) = 1 (2¢)
i€V,
Z xij = Z x]'l' V] € V, (Zd)
ieVy,i#j i€V yp 0%
Viijrokimr <1 Vijry € Vg (2e)
keVg ImryeVy
Z Vlijry,klmry] <1 Vlmrz € V7>{+1 (Zf)
ijri€Vy keVg
2Ylijr kimr,] < Xij + Xim V(ijry, k, lmry )€ {B|Vijry, lmr, e R'} (2g_01)
2Y1ikimr,] < Z Xij + Xim V[i, k, lmr,]e {B|Vi € Vy,lmr, € R'} (29_02)
JeVni1\(LK}
2Ylijr km) < Xij + Z Xim V[ijry, k,mle {B|Vijry € R",m e Vy 1} (29-03)
leVo\{mk}
2Ylikm) < Z xij + 2 Xim V[i,k,mle {B|VieVy,meV,,,} (2g_04)
JeVas\(i.K} leva\(m,k}

Constraint (2a) states that each customer must be visited once by either the truck or the
drone. Note that there is not a one-time constraint for the truck to all the dummy points since due
to the time tracking the truck is not allowed to visit a (mathematical) point more than one time.
But they can visit the same physical points multiple times by using the corresponding dummy
points. Constraints for the drone visiting the dummy points are not written in the model either
because the minimization of returning time will naturally prevent the drone from visiting the

unrequired dummy points to ‘waste’ time. Equations (2b), (2c) require the truck to leave and
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back to the depot only one time respectively. The truck’s flow in equals the flow out of a
customer is restricted by equation (2d). Constraints (2e), (2f) limit that the drone cannot be
launched or received more than one time at any point. The set of inequalities (2g) is set to assure
that the truck must traverse an arc if the drone is launched or received at any point on the arc.
Multiple launches and receptions on the same arc or the same point are allowed by using the
dummy points. As a matter of fact, (2g) can be described concisely as
2Y[ijr kimry] < Xij + Xim  V[ijr, k,Imry] € B

But this formulation will force each customer to be named multiple times, e.g. customer 1
has to be named as [1,2,0] (the beginning intermediate point on arc (1,2)), [1,3,0], [1,4,0] etc.
That will increase the complexity of the model significantly due to the increased number of
binary decision variables such as yj;jr, k. imr,] €tc. S0, | choose to separate (2g) into four groups
of constraints to maintain a unique name for each customer to reduce the number of decision
variables, but the total number of constraints for (2g) does not change. The four constraints
represent four scenarios respectively, i.e. both starting and ending points are intermediate points
(29_01), one of them is an intermediate point the other is a customer (2g_02, 2g_03) and both of
them are customers (2g_04).

| set the time tracking of the truck.

z z y[ijrl,k,lmrz] + Z z Y[lmrz,n,pqr3] <2z lmr, <2 z z Y[ijrl,k,lmrz] +

ijrieVy keVg neVg pqr3eVy keVg ijrieVy

2 Z Z y[lmrz,n,pqr3] Vlmrz € V(;k,n+1 (Ba)

neVy pqrieVy 4

tlmrz = tlm(rz—l) + s Z Ylim(r,-1),n,pqrs] + Etelem(rz—l) + Tlim(ry—1),lmm,]
neVy pqrieVy

+ 3 texZimr, T Wimr, S Yiijrokimr,] | = Mipmr,—1yimr,) - (1= Xim)
ijreVy keVg
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vimry € Vo, q, Im(r, — De Vg (3b)
ep| 1— z z Vlijry,klmr,] St = lk 1- z Z YViijry,klmr,] VkEVO,n+1(3C)
ijri€Vy Imry€eVy 4 ijrieVy ImryeVy,,

Constraints (3a) determines z,,,,, = 1 when an intermediate point is visited by the truck
either to launch or receive the drone or to do both. Arrival time instants of the truck are defined
by constraint (3b) within which the waiting time for the drone, the receiving and launching
times, and the time of out-of-route are considered. The My is a big enough positive number. To

make the constraints more tightly, we can set M(ym(r,-1),1mr,] = max(ly, 1) +
. 1 1
T[lm(rz—l),lmrz] - mln(el: em) + Etex + 2 tex + (F - T[lm(rz—l),lmrz]) tsgts, =
max(l;, L) — min(e;, ey) + tor + F + sg + s;.. Time window constraints of customers visited

by the truck are described by constraint (3c).

| set the time tracking of the drone.

tiim 2 tiyr, — L 1- Z Z Viijrykimry] Vijry € Vg (4a)

keVg ImryeVy,

tiim Styr L 1- Z Z Viijrykimry] Vijry € Vg (4b)

keVg ImryeVy,

ti 2 tijr, + (S0 + Tijry g + L) Z Yiijrykimr,) |~ L VkeVyijreVy  (4c)

x
ImryeVy 4

tl’mrz = tI,< + Tfk,lmrz] + Wl,mrz +sgp + MZ[k,lmrz] Z Vlijry,klmry] — 1 VkEVdr lmr2€V7:+1(4d)

Vijry € Vg

tl’mrz 2 tlmrz —-Ll1- z Z Vlijryklmry] vimr, € VTT+1 (4e)

ijri€Vy keVg
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tl,mrz < tlmrz +L{1- z Z YVlijry,klmrs,] Vlm?’z € V‘l:lk+1 (4f)

ijr1€Vy keVg

€r Z Z YVlijry,klmr,] < tllc <L+ (lk - L) Z z YVlijry,kimrs,] VkeV (49)

TiEVy ImraeVyi,, iTIeV] Imraevy,,
timr, = tijr, < F + (L = F)(1 = Yjijr i imn,]) vlijry, k, lmr,]eB (4h)
Constraints (4a), (4b) and (4e), (4f) guarantee the time consistency between the drone and
the truck at the launching and receiving points. Constraints (4c), (4d) traces the arrival time
instants on the branch routes of the drone. Mz, imr 27 IS @ positive big enough number. To make

the constraints more tightly, we can set M,y jmr,] = lx — min(e;, e;,) + Tfk,zmrz] +F —

. ’ /] % . 1
ijrr‘fl‘g‘Vg{T[ijrl,k] + Tl imry) | k€Va, ImryeViy,y, [ijry, k, Imr,] €BY + sp + Slex =l —

. . ’ .. 1 Y .-

min(e, e,) + F — ijrrrllérlllg{‘[[ijrl’k]l keVy, [ijry, k, lmry|€B} + sg + 5 tex- Customers’ time

windows and flying time limit for the drone are restricted by constraints (49), (4h) respectively.
Crossed branch routes as shown in Figure 6 are prohibited by constraints (5a)~(5c).

tl{jT3 - t(lierl < M3a[der1,ijr3] *Pldery,ijrs] Vder; € VO*' jyrs € { V*|ij7"3 * derl} (Sa)

ttlierl - tlfjr3 < M3b[der1,ijr3] ' (1 - p[derl,ijr3]) VdeT1 € V(Sk' ij7"3 € { V*lijrs * derl} (Sb)

tl{jr3 = t‘éhrz - L(3 - z Y[derl,f,ghrz] - Z Z Y[ijr3,k,lmr4] - p[derl,ijr3])

fevq keVg lmryeVy,,
Vder; € V§, ghry € Vo1, ijr3e{V*|ijrs # dery} (5¢0)
Msa1dery ijry] @Nd M3piger, ijr,) @re two positive big enough numbers. To make the
constraints more tightly, we can set them equal to L - E. If we want to make them even tighter,

their values can be Maq(ger, ijr,) = max(l;, ;) — min(ey, €.), Mapaer,ijr,] = max(ly, lp) —

min(ei, ej).
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Decision variables are defined in (6a)~(6f).

to=ty, =0
tijT' ti,jr =0 Vl]T € V(in+1

x;j €{0,1} Vi€ Vy,j € Vyyq, i

Viijrykimr,] € {01} Vijry € V5, k € Vg, lmr, € Viyyy, ijry # k # lmr,

F = wjjr,wjj, =20 Vijr € Vo,

Dldery,ijrs] € 10,1} Vdery € Vg, ijrse{V*|ijrs # der;}

zijr €{0,1} T € Vinyy

(6a)
(6b)
(6¢c)
(6d)
(6e)
6f)

(69)

There are several actions to reduce the complexity of this complicated model, e.g.

reducing the number of decision variables.

First, | just define binary decision variables xij for the arcs of the truck rather than define

Xijr-,ijr for each segment on arcs. That has helped to reduce a lot of binary decision variables and

constraints.

Second, there is a problem in this model that Wimr2, w’imr2 are unidentified (not uniquely

determined) in 3b, 4d, e.g. they can be any value between 0 and their real values. Experiments

also showed these results. I may deal with it by introduce —6& Y. xey Wi — & Dikey’ Wy, into the

objective function to maximize Wimr2, w’imr2, Whereas § is a small enough positive number. Even

it can solve the problem, it is not a good practice for optimization to introduce unrelated DVs to

the objective function and we do not implement it even & is very small, e.g. & = 1e-06. After

observation, | found that decision variables Wimr2, W’imr2, t’k can be removed from the model and

calculated after the optimization. This is discussed in the following section.
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I noticed that each branch route has a fixed distance and traveling time. When a branch

route of the drone is chosen in the model, i.e. y};jr, k,imr,] = 1, the beginning and ending nodes’

ijra,
arrival time instants are set equal to those of the truck. Then the drone’s visiting time instant to a
customer and the waiting times of both the truck and drone can be calculated after the

optimization. With that, I can remove some decision variables, i.e. Wimr2, W’imr2, t’k and some

constraints. The new simplified model is shown as the following.

Simplified model TSPTWD2

Since the drone’s arrival times at launching and receiving nodes are the same as those of
the truck, then we will determine them after the optimization process as well as the waiting times
of the truck and the drone. Table 1 also can be used to describe all the parameters and decision
variables of the simplified model TSPTWD2 except the decision variables t’jjr, Wijr, and w’ijr

should be removed.
(7) is the same as (1).
(TSPTWD2) Min t, 4, (7)

Constraints (8a~8g) are the same as (2a~2g).

s.t. z Xhk + z Z Y[ijrl,k,lmrz] =1 VkeV (8(1)

heVo’,hqtk ijrievy ImryeVy,
Z Xoj = 1 (8b)
J€Vnsa
z Xitn+1) = 1 (8¢c)

. 14
eV,
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Z xij = z in V] € V, (8d)

ieVy,i%j i€V, p,i%]
Z Z Ylijry,k,imry] <1 Vijr, € V(; (83)
keVg ImryeVy 4

DD Vrmeg S 1 Vimn, Vi )
ijrieVy keVg
2Ylijr kimr,] < Xij + Xim V[ijry, k, lmr,)e {B|Vijry, lmr, € R'} (8g_01)
2Y(ikimry] < Z Xij + Xim V[i, k, lmr,)e {B|Vi € Vy,lmr, e R'} (89_02)

jEVr’L+1\{i‘k]
2Yijr km] < Xij + Z Xim V[ijry, k,mle {B|Vijr; e R',m eV, 4} (89_03)
leVo\{mk}
2Ylikm) < Z xij + 2 Xim V[i,k,mle {B|VieVy,meV,,,} (8g_04)
JjeVnea\ Lk} LeVy\{m,k}

(9a), (9c) are the same as (3a), (3c). (9b) is almost the same as (3b) except the truck’s

waiting time wyyy,,., is removed.

Z z y[ijrl,k,lmrz] + Z z Y[lmrz,n,pqr3] <2z lmr, <2 z z y[ijrl,k,lmrz] +

ijrieVy keVg neVg pqr3eVy keVg ijrieVy

2 Z Z Yiimr,,n,pqrs] Vler € V(;,n+1 (9(1)

neVy pqrieVy 4

tlmrz 2 tlm(rz—l) + 5 Z Ylim(r,-1),n,pqrs] + Etelem(rz—l) + Tlim(ry—1),lmmy]
neVy pqrieVy,q

+ 5 texZ imr, T SR Yiijroloimr,] | = Mipm(r,-1)imr,) - (1 = Xim)
ijr1eVy keVg
Vimr, € Vi q, Im(ry, — e Vg (9b)
ex| 1- Z Z Viijryhlmry] | < te S | 1- Z Z YVlijry,k,lmry] VkEVO,n+1(9C)
ijr1€Vg ImrzeVp,y ijri€Vy lmryeVyi
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(4a), (4b), (4c), (4e), (4f) are removed. (10a) sets constraints on the truck’s arrival times

at the launching and receiving nodes of a drone’s branch route. Myj;jr, kimr,] IS @ big enough
positive number. To make the constraints more tightly, we can set My(;jr, ik imr,] = max(li, lj) —
min(ey, em) + T(ijr k) + Tlumr,] T Sk T S+ tex. Constraints in (10b) enforce the time
windows of the customers visited by the drone. (10c) is similar to (4h) within which t’ are
replaced by t.

timr, 2 tijr, t 5L+ Tijr k] T Tlkimry] + SR + Mafijr kimr,] - Vijroimre) — 1)

V[ijry, k, lmr,]€B (10a)

€k Z Viijry kimr,] < tijr, + (s + Tfijrl,k]) Z Viijry k,imrs,]

Imry €V, q Imry € Vpyyq

SU=1) ) Vi L vijry € (Vs llijr, k, mry]eBY, ke Vg (10b)

Imry € V;ipq
timr, — tijr, < F + (L= F)(1 = Y{ijr i imry]) v[ijry, k, lmr,]eB (10¢)
Constraints (11a), (11b), (11c) are similar to (5a), (5b), (5¢) whose t’ are replaced by t.
tijrs — taer, < Msa[der,,ijrs] * Pldery,ijrs] Vdery € Vg, ijrs e { V*|ijrs # dery} (11a)

taer, — tijr, < Maplaer,ijry]) - (1 — Plaer,ijrs)  Vdery € Vg, ijrs e {V*|ijrs # der;} (11b)

tijr3 2 tghrz - L(3 - Z YVidery,f.ghry] — Z Z Vlijrskimr,] — p[derl,ijrg,])

fevy keVg lmryeVy
Vder; € V§, ghry € Vo1, ijr3e{V7|ijrs # dery} (11¢)
(6a)~(6f) are readjusted as (12a)~(12e) which removed decision variables of t’, w and w’.
(12d_02) is added to reduce the complexity of the model. It restricted that branch routes of the
drone with a flying time longer than the maximum amount will not be generated when setting the

model.
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ty= 0 (12a)
tijr =0 VijT € Vi (12b)
x;j €{0,1} Vi€ Vg,j € Vyyq, i (12¢)
Viijryhimr,] € {01} Vijry € Vg, k € Vg, Imr, € Vyyy,ijry # k # lmr, (12d_01)
Vlijry ke imry] = 0 if Tlijro + T, > F (12d_02)
Dldery,ijrs] € {0,1} Vdery € Vg, ijrse{V*|ijrs # der;} (12e)
zijr €{0,1}  ijr € Vonyq (121)

Calculate t’, w, w’ after the optimization as the following.

tiir, = tijry timr, = tunry tk = tijr S0+ Tlijr i VYlijr kimr,] = 1 (13a)

1 1

Wimr, = tmr, =~ Uim@y-1) = SL * Yim(ry—1) kimr,] — 5 texZ im(ry—1) — T[lm(ry—1),lmry] — 2 lex — SR

, o VYijr, kimry] = 1 (13b)
Wimr, = timr, = U — Tlk,imry] — SR vy[ijrl,k,lmrz] =1 (130)

Development of LP Heuristics
In this chapter, some small-sized problems of TSPTWD will be solved to find exact
solutions. Since the traveling salesman problem (TSP) is an NP-hard problem, as a
generalization of TSP this new model is also an NP-hard problem. The computational time to
solve larger-sized instances would increase exponentially. For example, when the number of
stops increased to 8 and the maximum number of intermediate points on each arc is set as one,
i.e. generate randomly zero or one intermediate point, the computing time could be as long as

eight hours. If we increase the maximum number of intermediate points on each arc that will

increase the computing time even longer. Furthermore, the multiple usages of nodes in the model

also increase the complexity dramatically. In that case, even 4~5 customer-size problems cannot

be solved within a reasonable time. So, | am going to focus only on instances with less than
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seven customers to find optimal solutions. To find approximate solutions for larger size problems

will be studied in the following essays of my dissertation.

Since the computing time for searching exact optimal solutions would be very long for
TSPTWD, I will develop several LP(linear programming)-based heuristics to try to reduce the
computational time. LP-based or LP heuristics means problems are still solved by LP solvers but

will reduce computing time by introducing heuristics.

The first heuristic (heu0) is an LP rounding heuristic. All the binary decision variables
will be relaxed and solved. Then the top 25% of relaxed binary decision variables that are nearer
to integers will be rounded to their nearest integers (0 or 1) and never changed again. In the next
iteration, the other top 25% relaxed binary decision variables will be rounded again. Until finally
there are no more decision variables that can be rounded or it becomes infeasible.

The second heuristic (heu01) is a relax-and-fix heuristic (Wolsey, 1998). In my model,
there are two groups of binary decision variables, i.e. x;; for choosing arcs of the truck and
Y[ijryk,imr,] TOr choosing branch routes of the drone. There could be two versions of heu01. In
the first version heu01_01, the group of decision variables x;; will be relaxed at first and then
SOIVE Y(ijr, k,imry) €XACtly. NEXt, Vj;jr, kimr,] Will be fixed to the solved values and then solve x;;
exactly. The second version heu01_02 will reverse this process, i.e. first relax y(;jr, k imr,] 10
solve x;; exactly and then fix the values of x;; to solve y(;;r, k,imr,) €Xactly. Since the optimal
solution is not guaranteed, the results of the two versions will be compared to choose the better
one.

The fourth one (heu02) is a hybrid of a traditional heuristic idea and the LP solver, i.e. it

is inspired by the fundamental idea of Granular Tabu Search (GTS) in Toth and Vigo (2003).
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Those researchers observed that in most cases only about the top 10~20% shortest arcs in a
vehicle routing problem (VRP) have high probabilities to appear in the optimal or high-quality
solutions. So, in their modified Tabu Search (TS), they removed most of the other ~80% ‘long’
arcs (except some important ‘long’ arcs). With a well-designed procedure, their GTS generated
good quality solutions with significantly reduced computing time. According to my observation
of small-sized problems, about the top 40% rather than 20% short arcs appeared in the optimal
solutions since there are fewer arcs with a smaller number of customers. Then | will incorporate
the idea of this heuristic into my LP solving process. That means in the LP solver, e.g. Gurobi, |
will only maintain the binary decision variables ‘active’ (0,1 are all allowed) for the top 40%
shortest (promising) arcs and those arcs directly connected to the depot. The values of all the
binary decision variables of the other arcs will be set to zero, i.e. to ‘prohibit’ those ‘long’ arcs. |
hope it will generate good quality solutions with reduced computing time. Drone’s branch routes
starting and ending on those removed ‘long’ arcs will also be forbidden in the LP solver too
since if those arcs are not allowed to be used by the truck then the drone cannot be launched or
received there.

The fifth heuristic (heu03) is developed by combining heuO1 and heu02. First, I get the
restricted (GTS) model from heu02 and then solve it by heu01_02. The goal of this heuristic is
trying to capture the advantages of both heu02 and heu01_02, i.e. the smaller sized problem will
be solved by another heuristic to further reduce the computing time. But the quality of this

heuristic might be lower since it places more restrictions on models.
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Computational Experiments:
| arranged the following computational experiments to test how my new model can
generate further benefits to the practice of a truck and a drone delivery mode by providing

intermediate points on arcs and the effectiveness of the several LP heuristics.

Experimental Factors and Parameters
A numerical experiment has been designed and implemented. The values or ranges of the

factor and parameters are discussed in this section.

The number of intermediate points on each arc, may affect the delivery time saving and it
was set as the factor in the following experiments. In my model, there are limited number of
discrete intermediate points on each arc since in the real world some areas may not be suitable as
drone operating points, e.g. gas stations, crossings, etc. As TSP is an NP-hard problem, my model
as a generalized variant of TSP is also an NP-hard problem. To reduce the computing time of an
LP solver I decided to restrict the number of intermediate points on each arc to no more than one
since a larger number of intermediate points will increase the number of decision variables
exponentially. So, | set this factor’s values value between 0 and 1 within which 0 means there are

no intermediate points, or the drone can only be operated on customers’ sites as the existing model.

Generally, the values or ranges of parameters are based on literature or technical reports.
For example, more than 80% of parcels are suitable for drone delivery, i.e. weighing less than five
pounds, (Guglielmo, 2017), or percentage of customers having requirements of time windows is
4% and the random ratio of time windows vs the total delivery time is between [20%~65%] (Don,
2013). | set 10% of customers cannot be served by the drone due to their restricted locations, e.g.
near airports, power plants, in high-density areas, etc. This is based on feedback from practitioners

and researchers. Note that these 10% customers might overlap with those 80% drone-eligible
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customers. For example, a customer is a drone-eligible customer since his/her parcel weighing less
than five pounds, but we may not be able to serve him/her by the drone since the customer locates
in a restricted area or falls in the set of that 10% customers. The values and ranges of all selected

parameters can be found in Table 2.

The threshold percentile for GTS normally is 20% top short arcs (Toth and Vigo, 2003).
But after some tests of my models, | chose to use 40% in my heu 03 because for small size
problems (3~6 customers) there are not too many arcs to be chosen. To get a better solution, I had
to increase that threshold value. In practice, we normally consider more than one hour is ‘too long’
for an LP solver to find the optimal solution. That is why | set one hour as the maximum computing

limit for an LP solver.

Table 2. Factors and selected parameters of the computational experiments of LP solution

Category Values or ranges Data source
Experimental factors
Number of intermediate points per arc [0, 1] -
Number of customers [3, 4,5, 6] -

Parameters for instances

Length of side (of a squared area) 5 miles A
percentage of customers eligible for drone delivery due to light 80% C
weights of parcels

percentage of customers cannot be served by the drone due to their  10% -
restricted locations

percentage of customers with time windows 4% B
Ratio of time windows vs total delivery time [20%~65%] B
Distances of the truck Euclidean distance -
Distances of the drone Euclidean distance -
Average speed of the truck (serving time included) 12 mph A, B
Average speed of the drone 40 mph E
Serving time to launch or receive a drone (S, Sr) 1 minute D
Maximum flying time of a drone (F) 30 minutes E
Extra stopping time of the truck traversing out-of-route to operate  0.1466 minute G

drone(s) (tex)

Parameters for heuristics or the LP solver

Heu_03, GTS threshold percentile 40% -
Maximum computing time in the LP solver 1 hour

Data source: A = Lammert and Walkowicz (2012), Don (2013); B = Don (2013); C Guglielmo
(2017); D = Murray and Chu (2015); E = Perez and Kolodny (2017); F = Xiao et al. (2012); G
= Appendix A
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Experimental Design

To test the delivery time saving of my new model and the performance of those several
heuristics, | set experiments of small size instances as follows. For each number of customers, 10
random instances were generated based on the parameters shown in Table 2. Then each instance
will be solved eight times. They are exact optimal solutions of pure truck TSP, truck and a drone
operated on customers’ sites, truck and a drone operated on customers’ sites and intermediate
points, heu00, heuO1 01, heu01 02, heu02, heu03. For this given number of customers, the
average cost of ten instances was saved. Some heuristics may not find feasible solutions for some
instances, then only the feasible solutions were calculated. The gaps between each heuristic
solution and the optimal one were also calculated. Then the average gap of ten instances was
saved as the results for each algorithm. There was a similar process for the computing time of

each method.

| implemented the algorithms and experiments by using Python (3.7) to establish LP
models and solve them in Gurobi (8.1.1). The program was run on a desktop PC (Core i7

2.4GHz quad-core PC with 32GB of memory, Windows system).

Results

Since TSP is an NP-hard problem, TSPTWD as a generalized problem of TSP is also an
NP-hard problem. The tests in Table 3 show that a commercial solver can only solve problem
size as large as six customers within a reasonable time. The results showed that for most

instances heuO generated infeasible solutions, so I will not report its results in this section.

First, average optimal delivery times and savings (based on pure truck TSP) are
compared which is summarized in Table 3. It shows that the existing model, operating the drone

only on customers’ sites, can save delivery time 32.35% on average. My new model, operating
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the drone on customers’ sites and intermediate points on arcs, can save delivery time 33.98% on
average and could be as large as 42.8%. Comparing with the existing model my new model can
increase saving 1.48% on average. The trend of saving is increasing versus the number of
customers. It means if we implement my new model with more customers there might be even

larger savings. Those results are also demonstrated in Figure 7.

Second, Figure 7(a) shows that the delivery time saving versus the number of customers
is non-monotonic. It could be caused by randomness since each scenario generated ten random
instances and used their average as the results. There could be other reasons to explain this non-
monotonic result. In the analysis of the center gravity strategy in Chapter 3, it will be shown that
customer density may bring an impact on the delivery time saving rather than the number of
customers. In the results part of Chapter 3, it will be shown that time windows also bring some
unpredictable randomness to instances. Further experiments demonstrated that the monotonic

trend would appear with respect to customer density after time windows were removed.

Table 3. Delivery time (minute) and saving percentages

TSPTWD saving%  TSPTWD_ saving% increased

# cus TSP (min)  _cus®(min)  cus? inter_p° (min) inter_p° saving %
3 45.84 28.76 36.69% 28.59 37.63% 0.93%
4 53.11 36.52 29.94% 35.87 32.46% 2.52%
5 61.40 35.76 40.96% 35.12 42.80% 1.84%
6 67.52 51.94 21.82% 50.86 24.67% 2.85%
Average 56.97 38.25 32.35% 37.61 33.98% 1.48%

& TSPTWD_cus= delivery time of TSPTWD operating the drone only on customers’ sites;
saving% cus = (TSP- TSPTWD_cus)/ TSP

b TSPTWD _inter_p= delivery time of TSPTWD operating the drone on customers’ sites and
intermediate points; saving% inter_p = (TSP- TSPTWD _inter_p)/ TSP

www.manaraa.com



34

48.00%

43.00%

38.00%

saving %

33.00%

28.00%

23.00%

18.00%

delivery time saving %

savinginter_p

—e— savingcus

2 3 4 5 6 7

#_ customer

3.30%

2.80%

increased saving %
e e
W ok W
[=] [=] [=]
ES E ES

0.80%

new vs previous model (saving®o)

3 4 5

#_customer

Figure 7. Delivery time and saving percentages
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Third, I compared the results of several proposed LP heuristics with the exact optimal

solutions. The principal is the larger the gap the worse the heuristic. Table 4 demonstrates the

gaps of those LP heuristics. It is interesting that heu01_02 is much better than heu01 01. That

means the sequence of relax-and-fix affects the quality of solutions. | observed and found that

due to the special structure of the model, heu01_01 almost always denied the usage of the drone

and generate the results as a pure traveling salesman problem without a drone. That is why

heu01 01 is almost always worse than heu01_02. The smallest average gap indicates that heu02

(1.43%) is the best heuristic as | expected and heu01 01 (33.28%) is the worst.

Table 4. Gaps between heuristic results and optimal solutions

# cus gap0l1 01 gap01_02 gap_02 gap_03
3 37.01% 2.07% 1.75% 2.07%
4 30.94% 4.34% 0.00% 4.34%

5 41.92% 10.55% 3.23% 10.55%
6 23.26% 1.29% 0.26% 0.42%
Average 33.28% 4.57% 1.43% 4.78%

Forth, the computing times of optimal and heuristic methods were compared in Table 5.

For the exact optimal method, the computing time increased dramatically and easily exceeded
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one hour. That was why | terminated the exact computing process for problem size greater than
or equal to seven customers. Within heuristics, the best one heu02 has the highest average
computing time (66.67 seconds). That is the usual tradeoff we have seen in many cases. The
computing time of the exact method will increase too large to run it. My experiments showed

that even those heuristics will consume a very long time to get a solution.

Table 5. Computing time (second) of optimal and heuristic LP

# customer optimal heu0l 01 heu0l 02 heu02 heu03

3 0.61 0.16 0.05 0.34 0.05

4 13.57 0.59 0.42 4.53 0.40

5 230.25 2.82 2.45 29.77 2.22

6 2,563.70 14.21 8.77 273.42 17.14

Average 702.03 4.44 2.92 66.67 431
Conclusion

In Chapter 2 I developed a new model to solve a novel variant of TSP, i.e. traveling
salesman problem with time windows and a drone (TSPTWD). Some approaches have been

implemented to reduce the complexity of this problem.

Computational experiments have been implemented to test my new model and several LP
heuristics. The results of small size problems (less than seven customers) showed that my new
model can save delivery time as large as 42.8% than the traditional pure truck TSP model.
Comparing with the existing model of a truck and a drone operated only on customers’ sites, my
new model further increased the saving as large as 2.85%. And that saving could be even larger
if we implement my model to larger size problems (with more customers). Also please note that
to reduce the complexity of the model for the solver, we restrict that there is only one

intermediate point on each arc. As a matter of fact, in the real world, there should be able to find
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multiple intermediate points utilized on each arc. Then the increased flexibility would also

increase savings even further.

Due to the NP-hardness, only small size problems (less than seven customers) can be
solved exactly in a practical period (less than one hour). Some LP heuristics can provide
relatively good solutions within a shorter time. But that computing time will also increase too
large to accept. More intermediate points on each arc is also a promising approach to get more
delivery time savings, but that will increase the computing complexity. That means I should
develop other heuristics or metaheuristics to solve large size problems within an acceptable

period. That is my goal for the next chapter.
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CHAPTER 3. METAHEURISTICS TO SOLVE TRAVELING SALESMAN PROBLEM
WITH TIME WINDOWS AND A DRONE (TSPTWD): LAUNCHED AND RECEIVED
AT INTERMEDIATE POINTS

Development of Metaheuristics
Due to the NP-hardness of the TSPTWD in essay 1, only small-sized problems can be
solved exactly in a reasonable time. The second essay will develop some metaheuristics to solve
larger sized problems in essay 1. Those metaheuristics should be able to solve the problems in a

shorter time with good quality solutions.

Several heuristics or metaheuristics can be considered to search for good solutions, such
as savings method, tabu search (TS), simulated annealing (SA), genetic algorithm, ant colony
algorithm, etc. The Clarke and Wright savings method (Clarke and Wright, 1964) is simple to
implement and fast. For most vehicle routing problems it provides good solutions (Toth and
Vigo, 2002). Some research shows that this savings method normally can provide a fair good
solution, i.e. generally the gap between its solution and the optimal one is less than 10% (Ballou
and Agarwal, 1988). To improve this result I may need to combine the original savings method
with some other algorithms (Laporte, 2009). Tabu search has been shown as a promising
algorithm to provide good solutions (Toth and Vigo, 2002). But the implementation of TS is also
very time consuming. Some improvements have been made to mitigate it. One of them is Toth
and Vigo (2003). The simulated annealing (SA) algorithm is inspired by the physical annealing
process of metals to reach the lowest energy level through a random process. The computing
time of this algorithm is much shorter than that of TS and the quality of solutions is also good.
The convergence of the SA search to the optimal solution under some assumptions has also been
proved. Genetic and ant colony algorithms are also popular in vehicle routing problems. They

both can provide good quality solutions. But coding transportation problems especially the
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proposed more complicated model into those algorithms might be challenging and tuning

parameters is also not an easy task.

According to the above analysis, most of the existing algorithms are designed for
traditional transportation problems. To solve my new model, | may need to modify some of the
above-mentioned algorithms or even combine some of them to get better results. To implement
any heuristics, we need to calculate the distance matrix which contains the distances between
each pair of points in a problem. Before developing heuristics, | would like to discuss the
problem of the huge size of the distance matrixes of TSPTWD problems and how | dealt with

this challenge.

Please note that the size of distance matrixes of distances between each pair of points
increases dramatically when we are going to solve a real size problem, e.g. 100 or more
customers. Although the total number of arcs between customers is not very large, the fast-
growing number of intermediate points on all arcs will make the size of distance matrixes very
large. An approximate calculation shows that such a distance matrix requires computer memory
as large as about 10G(Giga) bytes. That is too large for most computers’ RAM. There are at least
three possible approaches to handle this problem. First, ignore infeasible arcs in distance
matrixes. For example, the distance matrix of the truck does not save distance from a customer to
any intermediate points on such arcs which does not include this customer since a truck cannot
travel out an existing arc. And the distance matrix of the drone will not include arcs visiting non-
drone-eligible customers. Also, the drone’s distance matrix can ignore all arcs between
intermediate points which are the majority of the matrix. Second, drone’s arcs require more than
the maximum flying time will be ignored. Third, since | am going to implement heuristics, we

can remove some unpromising arcs from the distance matrix to reduce the storage size. For
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example, we can maintain only the shortest 20~30% arcs as mentioned by Toth and Vigo (2003).
I did not use the second and third approaches due to the characteristics of my algorithm which
may use all feasible arcs. Finally, | implemented the first idea and used sparse matrixes to
implement it. Sizes of matrixes have been reduced to about only 1/1,000~ 1/100 of the previous

unoptimized matrixes.

Modified Savings Method Traveling Salesman Problem with Time Windows (TSPTW)
To solve large size TSPTWD problems, | developed several heuristics. They are a
traditional Clark and Wright Savings Method (Clarke and Wright, 1964), a naive heuristic of

TSPTWD, and two Simulated Annealing (SA) algorithms.

First, I used the Savings Method to find a good solution a pure truck traveling salesman
problem (TSP). Although there are some versions of Savings Method to incorporate time
windows, e.g. Solomon (1987), | chose the following modified version since it is relatively
simple and can generate good solutions satisfying time windows. So | used the 2-opt operator
(Figure 8) 1,000 times on the primary solution of the Savings Method tried to find higher quality

solutions that satisfied the time windows.

old ﬁ;te®
lo1/2]3]4 5/ 6|7
~_

'new solution

new
o 1/6/5/4[3]2 7

Figure 8. 2-opt operation
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Naive Method of TSPTWD

Second, | developed a heuristic to find a truck and drone solution based on a TSP
solution found by the Savings Method. The main idea of this heuristic is to find drone-visit
customers and launching and receiving points randomly. This process will be repeated 1,000
times try to find good solutions satisfying time windows and the limited flying duration of the

drone. This heuristic is described in Algorithm 1.

Algorithm 1. naive heuristic for TSPTWD

Input:
Solution: string sol (solution of the truck of traveling salesman problem)
Time windows of each customer and the depot: TW

Penalty weights to the violations of time windows and the maximum flying time of the drone,
OTW, OF.

T, T°, V4, SL, SR, tex, F (Symbols are defined in Table 1)
Function naive heuristic for TSPTWD:

Step 1. choose drone-visit customers randomly from Vg and pull them out of the original truck
route to get a shrunk truck route.

Step 2. insert all the possible intermediate points on all arcs of the shrunk truck route in Step 1. If
there are not enough number of points in the left truck route to support all drone-visit customers
chosen in Step 1, then go back to Step 1 until it is satisfied.

Step 3. Randomly choose launching and receiving points with a number = 2*(number of drone-
visit customers) from the updated truck route in Step 2. Most points can be chosen no more than
two times (a point can be used as both a receiving and a launching point) except the start and end
depot no more than one time.

Step 4.1 The chosen drone-visit customers will be visited by the drone accordingly based on
those chosen launching and receiving points. The total delivery time can be calculated and added
to the cost.

Step 4.2 If any customer’s serving time violates its time window, the absolute values of violation
will be multiplied by otw and added to the cost.

Step 4.3 If any flying time of the drone’s branch routes exceeds the maximum flying time, the
absolute values of violation will be multiplied by oF and added to the cost.

Step 5. Use 2-opt one time on the original truck route and go back to step 1 to find truck and
drone solution and associated cost.
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Step 6. Repeat step 5 1,000 times and return the solution with the lowest cost.
Return cost_sol, truck _route, drone_branches

End Function

Some tests showed that sometimes this heuristic can generate better solutions than those
of the Savings Methods but not always. One of the reasons is that the drone-visit customers and
launching/receiving points are all chosen randomly. They may not be well matched which means
they might be far away from each other which could decrease the quality of solutions. Even
though this heuristic is relatively simple, it only generates poor quality solutions. That is why it
is called a naive heuristic for TSPTWD. There are still some other reasons for those poor quality
solutions which will be discussed in the following section of the simulated annealing algorithm.
In the following sections, | will develop some better metaheuristics to improve the quality of

solutions.

Simulated Annealing (SA) Framework for TSPTWD

Simulated annealing (SA) algorithm is a method introduced by Kirkpatrick et al. (1983)
to find the global optimal of combinatorial optimization. It has been successfully used in many
areas including solving traveling salesman problems (Cerny, 1985, Kirkpatrick et al., 1983). It
simulates the physical annealing process with a simple and well-designed searching algorithm to

avoid trapped in some local minimal.

| use a one-dimension string to describe a truck a route as shown in Figure 8. The first
and last numbers represent the depot. Since there are time windows, the depot cannot be
represented as a unique number in the string of the solution. There are different operators for the

searching process of SA. I chose a popular one 2-opt (Figure 8) in all my SA algorithms. Cost of
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a truck solution (cost(sol)) or a truck and a drone (cost™(transformed_TDnrew)) is defined in

principle 3 of Algorithm 3.

To increase the efficiency of my algorithms, both the SA algorithms in Chapter 3 are
developed based on the same SA framework. This framework is an extension of the traditional
SA algorithm (Gendreau and Potvin, 2010, Xiao et al., 2012). My SA framework is described in
Algorithm 2. Whenever it is necessary to calculate the cost of a solution of a truck and a drone,
the SA framework will take two steps. First, transforming a truck solution to a truck and drone
solution by calling an algorithm SA_n, i.e. SA_01, or SA_02 which will be discussed in the
following sections. Although SA_01, SA_02 are quite different, they return the same format two-
dimension matrix (transformed_TD) to represent a truck and a drone solution as shown in
Figure 12(f, g) which is transformed from the one-dimension truck solution. Second, the returned
solution of a truck and a drone is passed to an algorithm (cost_TD) to calculate its corresponding

cost as shown in Algorithm 3.

Algorithm 2. SA framework for TSPTWD

Input:

Solution: string solini (initial solution of the truck route of a traveling salesman problem)
Parameters of the instance, e.g. 1, T, Va, SL, SR, tex, F, €i, li, E, L (Symbols are defined in Table 1)
Parameters of SA (a., Tend, LL, ®Tw, ®F) are defined in Table 6

Function SA framework for TSPTWD:

sol := solini; SOlpest := SOlini  #set the initial solution as the incumbent and best solutions

Initial temperature To = the maximum cost deviation between two neighboring solutions by
running 1000 times the operator on the initial solution

T :=To #set the initial temperature as the incumbent temperature
transformed_TDuyest := SA_n(solini) #transform a truck solution to a truck and drone solution

costp2, := cost_TD(transformed_TDrest) #calculate cost of a truck and drone solution.
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While T > Teng do
Fori=1toLL do
Using the operator to generate solnew based on sol
If cost(solnew)?® < cost(sol) #Metropolis algorithm
sol := sOlnew
If cost(SOlnew) < cost(SOlpest)
SOlpest := SOlhew
transformed_TDrew := SA_n(SOlnew)
cost!D :=cost_TD(transformed_TDrew)
If costI?, < cost}P,
transformed_TDyest := transformed_TDnew
costf2.: = costID,
End if
End if
Else
5ol := solnew With probability e ~(cost(solnew) = cost(sol))/T
End if
End for
T:=T*a
End while

Return cost} 2., transformed_TDpest

End Function

a: Due to the special structure of the truck route of SA_02, when the cost is calculated all the -1s

should be removed before it is passed into the function of cost(sol).

Algorithm 3. Calculate the cost of a truck and a drone solution (cost_TD)

Input:
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transformed_TD #two-dimension matrix, e.g. Figure 12(f, g), to represent a truck and a drone
solution

Parameters of the instance, e.g. 1, T, Va, SL, SR, tex, F, €i, li, E, L (Symbols are defined in Table 1)
Function cost_TD:

Principle 1- The later arrival time of the truck or the drone is the arrival time of the point.
Principle 2- The arrival time back to the depot is the delivery time.

Principle 3- cost = delivery time + otw*violation of time windows + mr*violation of maximum
flying time of a drone

Return cost

End Function

Improvement Strategies to Improve the Quality of Solutions

Some primary tests showed that naive method of TSPTWD generated poor quality
solutions for many instances which means the cost of a truck and a drone is even large than a
pure truck TSP solution. It was surprising to me that | expected more delivery time savings for a
truck and a drone mode especially when intermediate points are provided. | studied those

instances and found the following several possible reasons leading the poor quality.

First, as a generalized form of TSP, the complexity (or the size of the solution space) of
TSPTWD is much larger than that of TSP which means that in the same period it would be more

difficult to find a good solution for TSPTWD.

Second, the launching and receiving points are chosen randomly. They may not well
‘matched’ with drone-visit customers, which might hinder the attempt to save delivery time. If
the drone-visit customer is too far away, then it may violate the maximum flying time restriction,
e.g. Figure 9(a). If the truck traveling time between the launching and receiving points is shorter

than the drone’s flying time, then there will be a truck waiting time. The truck’s waiting time
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will increase the total delivery time. On the other hand, if the truck traveling time between the
launching and receiving points is too long, then the drone has to wait at the receiving point, and

finally, it may violate the maximum flying time restriction.

Third, in the naive method of TSPTWD, drone-visit customers are randomly chosen and
pulled out of the original truck route. Those selected customers may not always save time. If we
consider the traversing time of the truck, when we pull out a customer and let it be visited by the
drone, there should be saved traveling time by the truck. For example in Figure 12(c), after truck
route 0-1-2 is replaced by 0-2, and customer 1 is visited by the drone. Then there should
traveling time saving to1 + ti — too. On the other hand, to visit customer 1 by the drone the driver
must spend extra serving time (S., Sr, tex) to launch and receive the drone. If the saved traveling
time is larger than the extra serving time (to1 + ti2 — to2 > SL + Sr + 2*tex) then this drone-visit

customer can save time. Otherwise, it is increasing the total delivery time.

Only after finding approaches to mitigate the above-mentioned problems will I be able to
reduce the delivery time. The following are several improvement strategies | developed to be

implemented in the new SA algorithms to improve the quality of solutions.

Strategy 1- near-neighbors strategy: According to the analysis of the above second point,
randomly chosen launching and receiving points may no ‘match’ well with the drone-visit
customers. It means sometimes the drone-visit customers are too far away from their launching
and receiving points, Figure 9(a). That is why | want to introduce the idea of near neighbors. Its
general principle is that we should try to find some neighbors in proximity of a chosen drone-
visit customer as its launching and receiving points, Figure 9(b). In the following SA_01, SA 02,

I will use two different ways to find some near neighbors for chosen drone-visit customers.
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Normally they can find better solutions than the Savings Method and the naive method of
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(a) far neighbors as launching/receiving points (b) near neighbors as launching/receiving points

Figure 9. near-neighbors strategy

Strategy 2- Center of Gravity (CG) strategy: Based on the third reason for the poor
quality solutions from the naive method of TSPTWD, sometimes the saved traveling time from
the truck may be less than the extra serving time of the drone. For example in Figure 10, if the
truck traveling time saving is less than the extra serving time of the drone or to; + ti2 —to2 < s +
Sr + 2*tex then choosing customer 1 to be visited by the drone would increase our delivery time
instead of reducing of it. To mitigate this problem, we should try to pick customers far away
from the truck’s route to save more time than the extra serving time for the drone. It is worth
noting that this analysis suggests that customers far away from others may save more delivery
time. In a given area it means lower customer density may lead to more savings. This will be
observed in my numerical experiments. Then the next challenge is how to find those drone-
eligible customers far away from the truck’s route. Normally we can consider a TSP truck route
as an approximate shape of a circle (Figure 10). Concentrating drone deliveries to customers
further to the center of the circle should increase the probability to reduce delivery time, e.g.
customer 4 in Figure 10. Therefore, | developed a strategy called the center of gravity (CG)
strategy. CG is a traditional heuristic for single location problems (Ballou, 2004). Here | just
need to use the unweighted average approach, i.e. the x or y coordinates of CG is equal to the
arithmetic average of the x or y coordinates of all customers and depot. After finding the location

of CG, | can calculate the Euclidean distances between CG and each customer. Then whenever a
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SA algorithm wants to choose drone-visit customers randomly, it will choose them based on a
distribution proportional to a customer’ Euclidean distance to CG rather than with an even
distribution. Such that the further a customer is from CG the more likely it will be chosen as a
drone-visit customer and save more time for the truck and drone system. After implementing this
CG strategy, the quality of solutions was enhanced again. Taking a step further, I tried to
increase the power of Euclidean distance to CG of customers from the first to the second. The
quality of the solutions looked even better. Finally, I increased it to the fourth power because

larger powers did not bring significant savings to delivery time.

Strategy 3- Picking and dropping strategy: As explained in the third reason for the poor
quality solutions from the naive method of TSPTWD, sometimes the saved traveling time from
the truck may not be larger than the extra serving time of the drone. If that situation happens on a
chosen customer, then | should not let the drone visit it since it is wasting time rather than saving
time. This means that every time after | picked up a customer out a truck route and try to visit it
by a drone, | should calculate whether it is a promising pick (saved truck traveling time is larger
than the extra serving time of the drone) or unpromising pick. For example in Figure 10, if the
truck’s traveling times to1 + t12 - too < SL + Sr + 2*tex then picking up customer 1 is unpromising, |
should drop it back to the truck’s route. Otherwise, it is a promising pick (customer 4 in Figure
10, taa + tas - t35 > S+ SR + 2*tey) and | will keep that customer as a drone-visit customer. That is
why | call this strategy as picking and dropping strategy. With this simple and effective criterion,
| can make a deterministic decision for any randomly chosen drone eligible customer whether |
should accept it as a drone-visit customer without wasting truck delivery time. Furthermore, |
will not choose drone-visit customers randomly any more. | pick all of them and evaluate with

the above-mentioned criterion to decide whether | will remain a customer as a drone-visit

www.manaraa.com



48

customer or drop it back to the truck route. Tests showed that this strategy can increase the
quality of solutions even further. This strategy is better than the CG strategy since CG strategy
only randomly chooses some customers with higher probability to generate time saving, but the
picking and dropping strategy can let me pick all drone-eligible customers and evaluate them one
by one, retaining all promising one and dropping back all unpromising ones to maximize time
saving. Although I did not use the CG strategy in the following metaheuristics, | still want to

report it here because it is a good idea. Other researchers and | may want to use it in the future.

Figure 10. Center of Gravity (CG) strategy; Picking and dropping strategy
Strategy 4- Expanding and shrinking strategy: There are still other opportunities to

improve the quality of solutions. As explained in the second reason for the poor quality of
solutions of the naive method of TSPTWD, if the truck traveling time between the launching and
receiving points is shorter than the drone’s flying time then there will be truck waiting time
which will increase the total delivery time. To reduce this truck waiting time, | can expand the
truck route between the launching and receiving points. That means | can exchange the
launching point with another one to the backward direction or exchange the receiving point with
another one to the forward direction of the truck route. Then the ‘expanded’ truck route between

the new launching and receiving points will take a longer time and reduce the truck waiting time.

www.manaraa.com



49

For example in Figure 11(a), the drone is launched at customer 2 and visits customer 3 and
received by the driver at another customer 4. If the truck will wait for the drone at customer 4,
then I can expand the truck’s receiving point from 4 to customer 5 (Figure 11(b)) or even further
until there is no truck waiting time. A similar process can be implemented for another scenario
that if the drone’s flying time is shorter than the truck’s traveling time between the launching and
receiving points (0-1-2 in Figure 11(a)), then the drone has to wait for the truck which will not
increase the total delivery time but may lead to violation of the maximum flying time restriction.
To reduce the drone’s waiting time, I can shrink the drone’s flights by exchanging the launching
point with another one to the forward direction or exchanging the receiving point with another to
the backward direction of the truck route. For example, 0-1-2 is shrunk to 0-1-7 where point 7 is
an intermediate point on arc (0, 2), Figure 11(b). This operation will shorten the drone’s flying
time to reduce its waiting time at the receiving point. So, I call this strategy an expanding and
shrinking strategy. This strategy will be implemented after the two-dimension matrix of the truck
and drone solution has been generated. Since the shrinking actions can provide more
opportunities (customers or intermediate points) for the expanding action to choose, this strategy

will be done as shrinking first and expanding second.
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(a) before expanding and shrinking (b) after expanding and shrinking

Figure 11. Expanding and shrinking strategy
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Simulated Annealing 01 (SA_01)

This algorithm (SA_01) was developed to mitigate the problems discussed above. It is
based on the Algorithm 2 SA framework. When we need to transform a truck route into a truck
and drone solution, we will use this algorithm. SA_01 will utilize three of the improvement
strategies (excluding the CG strategy) to get good quality truck and drone solutions. This process
is briefly described in Algorithm 4 SA_01. A detailed example is illustrated in the following

paragraph and Figure 12.

Figure 12(a) shows an original tuck route that is passed into this algorithm. According to
the picking and dropping strategy, all drone-eligible customers will be picked up at first, i.e.
customers 1,2,3,4 in Figure 12(b). To make a feasible solution, half of the consecutive picked up
customers will be dropped back to be the launching or receiving points. In Figure 12(b) 1,2,3,4
are consecutive customers, there are not enough launching and receiving points on the truck
route (0-5). Then customers 2, 4 will be dropped back to the truck route as launching or
receiving points which are shown in Figure 12(b, c). By utilizing the near-neighbors strategy, we
choose 0, 2, and 2, 4 as launching and receiving points for customers 1, 3 respectively. Based on
the picking and dropping strategy, the unpromising customers will be dropped back to the truck
route. Suppose in Figure 12(c) the saved truck traveling time to1 + ti2 — toz < SL + Sr + 2*tex Which
is an unpromising customer. And suppose customer 3 is a promising one. Then we will drop
back customer 2 and maintain customer 3 as a drone-visit customer to save delivery time by
picking up customers. The result is shown in Figure 12(d). Until now we only used customers as
launching and receiving points. According to my new model, | should explore solutions by using
intermediate points. Then the next step is to randomly shift the existing launching and receiving

points to their nearby intermediate points but not further than the next customer. Suppose the

www.manaraa.com



51

algorithm randomly searching the nearby neighborhood of the launching point 2 and choosing an
intermediate point 7 between customers 1 and 2. Then intermediate point 7 becomes the
launching point of the drone to visit customer 3. Similarly, an intermediate point 8 between
customers 2, 4 is chosen as the updated receiving point. The truck and drone solution is shown in
Figure 12(e). Next, this truck and drone solution will be transformed into a two-dimension
matrix as illustrated in Figure 12(f). The first row in that matrix indicates the truck route (7, 8 are
intermediate points between customers 1, 2, and 2, 4). The -1’s in the second and fourth rows
show the launching and receiving points of the drone. In Figure 12(f) the two ‘-1’s indicate
points 7, 8 are launching and receiving points. The third row indicates that customer 3 will be
visited by the drone after it is launched from intermediate point 7 and received at intermediate
point 8. The last step before returning is to use the expanding and shrinking strategy. If in this
example the truck traveling time on 7-2-8 is shorter than the drone’s flying time on 7-3-8, then
there is truck waiting time which should be avoided as much as possible. Here we need to use the
expanding strategy to try to expand the truck’s route 7-2-8. The algorithm will search points out
of the range of 7-2-8 as far as possible, i.e. cannot expand into other launching and receiving
ranges. Suppose the algorithm chooses depot (5) as the new receiving points such that the truck
traveling time on 7-2-8-4-5 is greater than or equal to the drone’s flying time on 7-3-5. Then
there will be no truck waiting time on this segment and the quality of the solution has been
improved. Finally, the matrix of the truck and drone solution (transformed_TD) after

implementing the expanding and shrinking strategy will be returned and this algorithm is done.
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Algorithm 4. Simulate Annealing 01 (SA_01. A detailed illustration example can be found in

the main body)

Input:

String sol (initial solution of the truck route of a traveling salesman problem, e.g. Figure 12(a))
Parameters of the instance, e.g. t, ©°, Va, SL, SR, tex, F (Symbols are defined in Table 1)
Function SA_01:

Step 1. Pick up all customers in V¢ out of the truck route as potential drone-visit customers, e.g.
Figure 12(a, b).

Step 2. Drop half of the consecutive picked up customers to be sure there are enough near
neighbors as launching or receiving points, e.g. Figure 12(b, c).

Step 3. Choose the precedent and successive neighbors as the launching and receiving points of
drone-visit customers, e.g. Figure 12(c)

Step 4. According to the picking and dropping strategy, drop unpromising drone-visit customers
back to the truck route, e.g. Figure 12(c, d).

Step 5. Randomly shift the launching and receiving points to nearby intermediate points to
explore more solutions (not further than one customer), e.g. Figure 12(d, e).

Step 6. Generate a two-dimension matrix transformed_TD to represent a truck and a drone
solution, e.g. Figure 12(f).

Step 7. Implement the expanding and shrinking strategy to improve the quality of a solution
further, e.g. Figure 12(g).

Return transformed _TD

End Function
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(a) original truck route (b) half of the consecutive customers will be dropped back
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(e) truck and drone solution before expanding and shrinking strategy

truck route o172 |8|4]|5 truck route o|1|7|2|8]|4]|5
launching points -1 launching points -1

drone-visit customers 3 drone-visit customers 3

receiving points -1 receiving points -1

(f) corresponding transformed solution (g) transformed solution after expanding and shrinking strategy

Figure 12. An illustrative example of SA_01 (details can be found in section SA_01).
Simulate Annealing 02 (SA_02)

This algorithm (SA_02) was developed to mitigate the problems discussed above. SA 02
is distinguished from SA_01 since it uses some ‘-1’s to indicate launching and receiving points.
After ‘-1’s are inserted and adjusted properly, this adjusted string of solution can be input into
Algorithm 2 SA framework to search for good solutions of a truck and a drone. The following
paragraph will demonstrate how to insert ‘-1’s. When we need to transform a truck route into a
truck and drone solution, we will use this algorithm SA_02. SA_02 will utilize one of the
improvement strategies, i.e. expanding and shrinking strategy to get good quality truck and drone
solutions. This process is briefly described in Algorithm 5 SA_02. A detailed example is

illustrated after the paragraph about inserting ‘-1’s.

Figure 13(a) shows an original truck route within which 0, 6 represent the depot, and 1~5
are customers. To adjust it as a suitable string solution for SA_02, we need to insert 2*|Vg| *-1’s

randomly between the start and end depots, Figure 13(b). If there are greater than or equal to
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two ‘-1’s following the depot 0’, then one of those ‘-1°s will be moved to the end of the solution
string (after the depot 6) to be sure the depot at the end can be a receiving point. After that we
have a well-adjusted truck route string solution (Figure 13(c)) to put into Algorithm 2 SA
framework. The SA operator will operate on the customers and -1’s between the start and end
depot. When we need to calculate the truck cost of an adjusted form just described for SA_02,

we need to remove all -1’s temporarily.

Figure 13(c~g) will use an example to illustrate how to transfer a truck route of SA_02
into a truck and drone solution. We iterate each point after O the depot in Figure 13(c). The first
‘-1’ after 0 indicates that depot 0 can be a launching point (Principle 1 of Algorithm 5). The two
‘-1’s after 1 means customer 1 can be both a launching and a receiving point (Principle 2). But
there are not drone eligible customers between 0 and 1. So we have to ignore the two ‘-1’s after 1
(Principle 3). Then the ‘-1’ after 3 indicates that 3 can be a receiving point. Since there is a
potential launching point 0 and two potential drone-visit customers 1,2 (suppose both of them are
drone eligible customers), we choose 1 randomly as the drone-visit customer out of 1, 2
(Principle 4). Then we can find two ‘-1’s after 4 which means customer 4 can be a launching and
a receiving point. But there is not a launching point in front of 4, customer can only be a
launching point even it has two ‘-1’s following. Customer 5 is followed by a ‘-1’ but it cannot be
a receiving point since there are no crone eligible customers between 4 and 5 (Principle 3).
Finally, there is a ‘-1” after depot 6 which can be a receiving point. There is one drone eligible
customer 5 (suppose it is) between 4 and 6. Then customer 5 will be visited by the drone and 4, 6
are the launching and receiving points. The result is demonstrated in Figure 13(d). Until now we
only used customers as launching and receiving points. According to my new model, | should

explore solutions by using intermediate points. Then the next step is to randomly shift the
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existing launching and receiving points to their nearby intermediate points but not further than
the next customer. Suppose the algorithm randomly searching the nearby neighborhood of the
launching point 0 and choosing an intermediate point 7 between depot 0 and customer 2. Then
intermediate point 7 becomes the launching point of the drone to visit customer 1. Similarly, an
intermediate point 8 between customers 2, 3 is chosen as the updated receiving point. The next
pair of launching and receiving points 4, 6 do not change since this shifting process is random.
The truck and drone solution is shown in Figure 13(e). Next, this truck and drone solution will be
transformed into a two-dimension matrix as illustrated in Figure 13(f). The first row in that
matrix indicates the truck route (7, 8, 9 are intermediate points between depot 0, customers 2 and
customers 2, 3 and 4, 6). The ‘-1’s in the second and fourth rows show the launching and
receiving points of the drone. In Figure 13(f) the four ‘-1’s indicate that points 7, 8, and 4, 6 are
launching and receiving points. The third row shows that customers 1, 5 will be visited by the
drone after it is launched from intermediate point 7 and customer 4 respectively. The last step
before returning is to use the expanding and shrinking strategy. We will do shrinking at first and
then expanding. If the drone’s flying time on 4-5-6 is shorter than the truck’s traveling time on 4-
9-6, then there is drone waiting time. We can use the shrinking strategy to reduce it. Suppose the
algorithm shrinks the launching point from customer 4 to the intermediate point 9 such that the
drone waiting is reduced and there is not truck waiting time. After this shrinking operation, we
cannot reduce the truck and drone delivery time directly, but we can reduce the probability of
exceeding the maximum flying time and provide more opportunities for the following expanding
strategy. If in this example the truck traveling time on 7-2-8 is shorter than the drone’s flying
time on 7-1-8, then there is truck waiting time which should be avoided as much as possible.

Here we need to use the expanding strategy to try to expand the truck’s route 7-2-8. The
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algorithm will search points out of the range of 7-2-8 as far as possible but cannot expand into
other launching and receiving ranges. Suppose the algorithm chooses customer 3 as the new
receiving point such that the truck traveling time on 7-2-8-3 is greater than or equal to the
drone’s flying time on 7-1-3. Then there will be no truck waiting time on this segment and the
quality of the solution has been improved. Finally, Figure 13(g) shows the matrix of the truck
and drone solution (transformed_TD) after implementing the expanding and shrinking strategy

which will be returned and this algorithm SA_02 is done.

Due to the nature of SA_02, it does not use the picking and dropping strategy. So, | am
expecting that SA_01 may generate better solutions than SA_02. The following computational

experiments will test it.

Algorithm 5. Simulate Annealing 02 (SA_02. A detailed illustration example can be found in

the main body)

Input:

String sol (initial solution of the truck route with ‘-1’s, e.g. Figure 13(c))

Parameters of the instance, e.g. t, t°, Va, SL, SR, tex, F (Symbols are defined in Table 1)
Function SA_02:

Step 1. Generate a truck and drone solution based on the following principles, e.g. Figure 13(d).

Principle 1: If a customer or the depot is followed by a ‘-1°, then that customer or depot is

eligible to be a launching or receiving point.

Principle 2: If a customer or the depot is followed by greater than or equal to two ‘-1’s,
then that customer or depot is eligible to be a launching and a receiving

point.
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Principle 3: If there are no drone-eligible customers between a pair of launching and

receiving points, then ignore this potential receiving point. But the launching

point is still active.

Principle 4: If there are multiple drone-eligible customers between a pair of launching
and receiving points, then one of them is randomly chosen as the drone-visit

customer.

Step 2. Randomly shift the launching and receiving points to nearby intermediate points to
explore more solutions (not further than one customer), e.g. Figure 13(e).

Step 3. Generate a two-dimension matrix transformed_TD to represent a truck and a drone
solution, e.g. Figure 13(f).

Step 4. Implement the expanding and shrinking strategy to improve the quality of a solution
further, e.g. Figure 13(g).

Return transformed _TD

End Function

[o1]2]3]4]s 6] [olafafafafaf2[s]af[a]a][a]s]1]e]

(a) original truck route (b) insert ‘-1’s randomly

lo|a|[1|alaf2]3]|a]a]a]a]s5]1]6]1]

(c) Move a ‘-1 to the end if necessary

0— 2——=3 4 -6 0 7 2——=8 3 4 9 ~5

~ N - - ~ “ ” - 1 - ~ -

.- \5’ 1,—’ \454’

(d) identify drone-visit customers, launching and receiving points (e) insert intermediate points; random shifting launching & receiving points

truck route 0(7]2|8[3|4]|9]|6 truck route 0728 |3|4[9]6

launching points -1 -1 launching points -1

drone-visit customers 1 5 drone-visit customers 1 5

receiving points -1 -1 receiving points -1 -1

Figure 13. An illustrative example of SA_02 (one drone)
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Computational Experiments:
| arranged the following computational experiments to test the effectiveness of those
heuristics and how my new model can provide further benefits to the practice of a truck and a

drone delivery mode.

Experimental Factors and Parameters
A full factorial experiment has been designed and implemented. The design and values or

ranges of factors and parameters are discussed in this section.

According to my studies, several factors may affect the delivery time saving and they are
set as factors in the following experiments. They are the length of sides of a square area that
contains customers to be served. Literature shows that the serving areas of typical parcel delivery
carriers could be as small as 1.5*1.5 mile? or as large as 8*8 mile?, (Lammert and Walkowicz,
2012), number of customers as large as about 100 (Don, 2013). In my model, there are limited
discrete intermediate points on each arc since in the real world some areas may not be suitable as
drone operating points, e.g. gas stations, crossings, etc. | set its value between 0 and 3 within which
0 means there are no intermediate points, or the drone can only be operated on customers’ sites as

the existing model.

Generally, the values or ranges of parameters are based on literature or technical reports.
For example, more than 80% of parcels are suitable for drone delivery, i.e. weighing less than five
pounds, (Guglielmo, 2017), or percentage of customers having requirements of time windows is
4% (normally they are business customers) and the random ratio of time windows vs the total
delivery time is between [20%~65%] (Don, 2013). For example, if the total delivery time is about
ten hours (8am~6pm) then a 50% random ratio means the time window for this customer is

between 8am~1pm. | set 10% of customers cannot be served by the drone due to their restricted
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locations, e.g. near airports, power plants, in high-density areas, etc. This is based on feedback
from practitioners and researchers. Note that this 10% of customers might overlap with those 80%
drone-eligible customers. For example, a customer is a drone-eligible customer since his/her parcel
weighing less than five pounds, but we may not be able to serve him/her by the drone since the
customer locates in a restricted area or falls in the set of that 10% customers. Values and ranges of

all selected parameters can be found in Table 6.

Some parameters of simulated annealing (SA) were set based on literature, e.g. initial
temperature, others were based on tests of my experiments, e.g. ending temperature, level loop and
penalty weights of time windows, and maximum flying time. A summary of their values can be

found in Table 6.

Table 6 Factors and selected parameters of the computational experiments

Category Values or ranges Data source
Experimental factors
Length of side (of a squared area) [1.5, 5, 8] miles A
Number of customers [60, 80, 100] B
Number of intermediate points per arc [0, 1, 2, 3] -
Number of drones (for Chapter 4) [1, 2, 3] -

Parameters for instances
percentage of customers eligible for drone delivery due 80% C
to light weights of parcels
percentage of customers cannot be served by the drone 10% -
due to their restricted locations

percentage of customers with time windows 4% B
Ratio of time windows vs total delivery time [20%~65%] B
Distances of the truck Manhattan distance D
Distances of the drone Euclidean distance -
Average speed of the truck (serving time included) 12 mph A B
Average speed of the drone 40 mph E
Serving time to launch or receive a drone (s, Sr) 1 minute D
Maximum flying time of a drone (F) 30 minutes E
Extra stopping time of the truck traversing out-of-route 0.1466 minute G

to operate drone(s) (tex)
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Table 6 continued

Table 6 Factors and selected parameters of the computational experiments

Parameters for simulated annealing

Operator 2-opt F
Initial temperature (To) in SA framework.  F
Cooling ratio (o) 0.99 F
Ending temperature (Tend) 1.0 -
Level loop (LL) 1,000 -
Penalty weight of time windows (oTw) 1.0 -
Penalty weight of maximum flying time (wr) 6.0 -
Number of random runs for each instance 10 -

Data source: A = Lammert and Walkowicz (2012), Don (2013); B = Don (2013); C = Guglielmo
(2017); D = Murray and Chu (2015); E = Perez and Kolodny (2017); F = Xiao et al. (2012); G
= Appendix A

Experimental Design

To compare those developed heuristics and effectiveness of my new model, | employed
full factorial experiments with three factors, i.e. length of sides of a square area (three values),
number of customers (three values), number intermediate points on each arc (four values). I call
each combination of the values of the three factors as a scenario. For each of such a scenario, |
generated five instances randomly. Each of the instances would be solved by four algorithms, i.e.
Savings Method, naive method of TSPTWD, SA 01, SA_02. Due to the randomness of the four
algorithms, I have let each of them take ten runs based on the same instance. First, the Savings
Method started from the initial solution run ten times. The average cost of the feasible solutions
as the result of this algorithm of this instance. The best solution to the Savings Method will be
the initial solution for all other algorithms. Each of them will take ten runs and save the average
cost of feasible solutions as the result of this algorithm of this instance. The average cost of the
five instances as the result of a scenario of an algorithm. Those results will be saved as the final

results of these experiments. Then totally the experiments will take 3*3*4*5*4*10 = 7,200 runs.
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| implemented the algorithms and experiments mainly in Julia (1.0.4) which is a high-
performance language designed for scientific computation (Bezanson et al., 2017). The program
was run on a desktop PC (Core i7 2.4GHz quad-core PC with 32GB of memory, Windows

system).

Results
The results of the average delivery times of the computational experiments can be found

in Appendix C. The impacts of the factors are reported as follows.

The comparison of algorithms is summarized in Table 7. The feasibility percentage
shows how many feasible solutions were found within all of the 450 runs. It shows that SA_01
has the highest percentage (100%) of feasibility and the naive method of TSPTWD has the
lowest one (85.8%). The average delivery time (of feasible solutions) demonstrates how good the
quality is for the solutions found by an algorithm. The result of the Savings Method for TSP can
be considered as the benchmark. SA_01 found solutions with lowest average delivery time
(203.94 minutes) while the naive method found solutions of a truck and a drone with even higher
delivery time (279.71 minutes) than pure truck mode (246.55 minutes). The main reason for the
naive method found worse solutions than Savings Method is that it did not utilize any
improvement strategies, such that the truck’s waiting time is high and the saved time by truck
route may not be large enough than the operating time of the drone. SA_01 can always find
feasible solutions and with higher quality. Then in the following part of this chapter, I will report

data from this algorithm to show the impacts of factors.

Table 7. Comparison of algorithms

Savings_Method naive_TSPTWD SA 01 SA_02
feasibility % 98.9% 85.8% 100.0%  99.0%
average delivery time (minute) 246.55 279.71 203.94  217.28
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Table 8 illustrates the impacts of the number of intermediate points on each arc. For a
given number of customers and area, normally the delivery time saving percentage will increase
when more intermediate points are provided. We can also find that for a given number of
customers, a larger area will lead to more savings. It implies that lower customer density
provides more opportunities for delivery time saving by deploying a drone. Figure 14(a) shows a

chart of a typical situation.

Table 8 also shows the impact of the length of side (or size of an area) on delivery time
saving percentage. For a given number of customers, if we increase the length of side (or size of
an area) then we will find more delivery time savings. That is consistent with my analysis of the
CG strategy. This trend is also demonstrated in Figure 14(b). This figure also infers that the
marginal saving percentages decrease when there is a larger number of drones. It implies that too
many drones may not bring us large percentages of delivery time savings. A possible reason is
that an excessive number of drones require the truck driver’s collaboration. The driver must wait
until the last drone is received at a point, then he or she can continue the journey to the next
customer. Those collaborations and waiting may increase the total delivery time which

diminishes the savings from a larger number of drones.

Table 8. Delivery time saving % with one truck one drone, SA_01 metaheuristic.

# _cus length_side(mile) inter_pO inter_pl inter_p2 inter_p3

60 1.5 5.8% 5.8% 5.8% 5.8%
60 5 18.1% 20.9% 21.4% 21.4%
60 8 20.6% 22.8% 22.8% 22.8%
80 1.5 9.2% 9.3% 9.3% 9.3%
80 5 12.4% 15.0% 15.7% 15.7%
80 8 16.8% 19.2% 20.4% 20.8%
100 1.5 6.4% 6.4% 6.5% 6.5%
100 5 11.8% 14.5% 14.9% 15.6%
100 8 21.7% 25.6% 26.0% 26.0%
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Saving % vs intermediate points per arc (80 customers) Saving % vs length of side (80 customers)

22.0%
21L.0% 20.0%
18.0%

16.0% inter_p3

inter_p2

Saving %

15.0% length of side = 8mi

Saving %

13.0% length of side = 5mi 14.0% !
inter_pl
—a— length of side = 1.5mi

11.0% 12.0% —e—inter_p0

10.0%

0 1 2 3 8.0%
intermediate points per arc
length_side(mile)

(@) (b)

Figure 14. Delivery time saving % vs # of intermediate points or length of side, 1 drone

The data of the impacts of the number of customers is also contained in Table 8. For a
given area, increasing the number of customers did not lead to a monotonic trend of saving
percentage, which was a surprising result. A typical chart is shown in Figure 15(a). After
analyzing the nature of these problems, I think perhaps the reason is that random instances were
generated with different numbers of customers, random time windows, random locations. Those
would bring unpredictable randomness to the problems. The literature also supports my analysis
that sometimes algorithms generate unexpected solutions (with longer traveling time) due to the
constraints of some customers’ time windows (Holland et al., 2017). Then | ran the experiment
again with no time windows. A typical result is shown in Figure 15(b) with a monotonic
decreasing trend of delivery time saving versus the number of customers in a given area. It is
consistent with my analysis that higher customer density leads to lower savings. This result also
supports my analysis in Chapter 2 that delivery time saving is non-monotonic versus the number
of customers. Please note that the saving percentages are reduced when time windows are
removed. A possible explanation is that time windows make it more difficult to find good

solutions, e.g. UPS stated that their truck may visit an area twice due to time windows (Holland
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et al., 2017), such that there might be more chances to save time when there are time windows

and vice versa.

Saving % vs #_customers (8%8mi”2,
with time windows)
27.0%

25.0%

23.0%

21.0%
15.0%
17.0%

15.0%
60 70 80 S0 100

inter_p3

Saving_%

inter_p2
inter_pl

—e—inter_p0

#_customers

(a)

Saving % vs #_customers (8%8mi~2,
no time windows)

inter_p3
inter_p2
inter_pl

—e—inter_p0

70 20 S0 100

#_customers

(b)

Figure 15. Typical charts of delivery time saving % vs the number of customers

Conclusion

In Chapter 3 I developed multiple heuristics and metaheuristics to solve TSPTWD

problems as large as 100 customers which is comparable to the size of problems in the real

world.

The problem of poor-quality solutions had been met and a series of improvement

strategies had been initiated. Those strategies were developed based on the specific nature of this
novel problem TSPTWD. When those strategies were implemented the metaheuristics could
generate much higher quality solutions.

Numerical experiments were designed and implemented to test the developed
metaheuristics and the impact of factors. The results showed that the algorithm SA_ 01
outperformed SA 02 and the naive method of TSPTWD. The idea of my research to provide
intermediate points on arc did generate more delivery time savings than only operating the drone
on customers’ sites. The results show that the delivery time could be further reduced as much as

4% and the actual time saving could be as much as 26%. UPS says for its 55,000 drivers, even a
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reduction of one mile per driver per day will lead to about $50 million annual saving (UPS,
2016), i.e. about $2.5 per mile. The typical operating cost (including purchasing, electricity,
maintenance, monitoring costs) of a drone is about $0.044 per mile (Keeney, 2015). Based on the
experiments, it may be assumed to save one mile for the truck the drone flies two miles. The one-
mile cost reduction with a drone is $2.4 or $48 million per year. One mile is about 1% of a
typical route of UPS. Then the 26% saving from my model is approximately equivalent to an
annual saving of $1.25 billion. This huge saving would be attractive to practitioners and
customers.

As | analyzed in the part of the center of gravity (CG) improvement strategy, lower
customer density may provide more opportunities for delivery time saving. The impact of the
size of areas supports this analysis. But the impact of the number of customers is not so
predictable. This is due to the randomness of time windows. When all time windows were
removed the results are consistent as what | analyzed.

The computational results also showed that too many intermediate points on an arc do not
provide directly proportional time savings. That means a limited number of intermediate points
on arcs would be enough to provide the most savings. It is consistent with the situation in the real
world that due to some constraints, e.g. gas stations, crossings, bus stops, etc., we can only

provide a limited number of intermediate points on arcs.
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CHAPTER 4. TRAVELING SALESMAN PROBLEM WITH TIME WINDOWS AND
MULTIPLE DRONES (TSPTWMD): LAUNCHED AND RECEIVED AT
INTERMEDIATE POINTS

Model Formulation

Problem Definition and Illustrations

The results of Chapter 3 (essay 2) demonstrated a large amount of delivery time saving
(as large as 26%) by providing intermediate points to a truck and a drone system. A natural
extension of the previous model is to utilize not only one drone but multiple drones for one truck,
e.g. Figure 16(f, g). The benefits of multiple drones are obvious that several drones can serve
different customers at the same time with the truck to increase delivery efficiency and reduce
delivery time. In Chapter 4 (essay 3) I will focus on developing a new model of traveling
salesman problem with time windows and multiple drones (TSPTWmD) with intermediate
points. The assumptions are the same as in Chapter 3 for TSPTWD. If drones arrive at a point
earlier than the truck, they must hover in the air to wait for the truck. When the truck arrives, the

driver will operate the first drone at first and then the second and the third.

Proposed Model TSPTWmD

The model is developed based on the model of essay 1 (Chapter 2), i.e. (1) ~ (6f). Parts of
the new model is similar to the one | developed in essay 1. It is assumed that there are nq drones
working together with the truck and the set of drones D = {1, 2,..., nqg}. The challenge of this

new one is how to collaborate multiple drones with the truck and also between each of them. To

accomplish those goals we introduce a new set of binary decision variables Zf‘j’f to determine the
relative sequence of operating drones on each point. We assume that after operating (receiving
and/or launching) a drone completely the truck driver will operate the next drone rather than

mixing operations of different drones. This assumption will not only simplify the model but also
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easier for a driver to implement in the real world. Another new set of binary decision variables
z{j» is to indicate whether the a!" drone is operated on the point ijr. Decision variables t; are the
arrival times of the o' drone on the point ijr. The explanation of the sets, parameters, and the

mathematical model is as the following.

Notations of parameters and decision variables are described in Table 9.

Table 9. Sets, parameters, and decision variables of the TSPTWmD model

Sets, Parameters:

0, n+l Depot

V Set of all customers {1,2,.....,n}

Vg Set of eligible customers which can be served by the drone. Vq < V
Von+t Vont1 =V U{0,n+1}={01,....,n,n+ 1}

Vo Vo=V u{0}={01,....,n}

Vi1 Vosr=Vun+1}={1,.....n,n+ 1}

V' Set of visits to the customers, including V and dummy points of each

1oyt I
VO' n+1» VO,n+1

element of V to permit multiple visits to them.

Vi=V' U{0} Vi =V U+ 13,V = V' U{0,n + 1}

Sij Number of segments on the arc ij within which there are sj-1 intermediate
points (Figure 3). ieVo, je Va1

Rij Set of all intermediate points on the arc ij. R = {ij1, ij2,..., ijr, ..., ij(si-1)},
ieVo, jeVan

R Set of all the intermediate points

R’ Set of visits to all the intermediate points, including R and dummy points of

each element of R to permit multiple visits to them.
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Table 9 Continued.

Table 9. Sets, parameters, and decision variables of the TSPTWmD model

Rb Ronss Rh = R'U{0},Rypas = R U{0,n+ 1)

ViV, Vasn Voner V' = VIUR', Vg =VagUR" Vi1 =Vpi U RI,VJ,n+1 = Vol,n+1 UR'

[ijry, Kk, Imr] a branch route of the drone departing from the truck at the point of ijrs to
visit a customer k then meet the truck at the point Imr.. ijr; € V5, lmr, €
Vo1, ijr # k # lmry, k € V.

B Set of all the possible branch routes [ijri, k, Imr2] of drones.

Ng The number of drones.

D Set of all drones {1,2,.....,n4}.

Tijr, ij(r+1)] Time interval of the truck traversing from the diversion point of ijr to the
diversion point of ij(r+1). ijr € Vy.

Tex The extra stopping time of the truck traversing out-of-route to decelerate

T Lijrt, K, T [k, Imr2]

and then accelerate again at an intermediate point. Details can be found in
Appendix A.
Time interval of the drone traversing from an intermediate point ijr, to

customer k and from Kk to Imr. ijr1 € Vg, [ijry, Kk, Imrz] B

SL Preparing time interval by the driver for launching the drone.

SR Receiving and recovering time interval of the drone which may include the
driver changing batteries etc.

F Maximum flying time of the drone.

[ei, ] Time windows for all customers and the depot. i€ Vo n+1.

[E, L] The time window of the depot, [eo, lo] = [en+1, In+1] = [E, L].

o 6 > 0, a small enough positive number.

M M > 0, a big enough positive number.
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Table 9 Continued.

Table 9. Sets, parameters, and decision variables of the TSPTWmD model

Decision variables:

Xij Binary decision variable indicating whether the arc ij is traversed by the
truck. Vi € Vg, j € Vpiq, 5.

Yiijryhomry] Binary decision variable indicating whether the branch route [ijry, k, lmr, ]
is traversed by the o drone. ijri€ Vg, Imr€ Vi, , ijri# k # Imrz, ke Va,
aeD.

ir Binary decision variable indicating whether the intermediate point ijr is
visited by the truck either to launch or receive the o' drone or do both. ijre
Von+1, a€D.

Zjjr Binary decision variable indicating whether the intermediate point ijr is
visited by the truck either to launch or receive a drone or do both for multiple
drones. ijr€ Vg n41.

ij‘f Binary decision variable, equals 1 if the o' drone is operated (receiving or
launching) earlier than the ™ drone at the intermediate point ijr. The value is
0 if they are operated in the opposite sequence. a, 8 € D, ijr € Vg,41.

pf’fierl,ijrﬂ Binary decision variable, equals to 1 when the o™ drone visits the point der;
earlier than ijrs, and O otherwise. a € D, dery, ijrs€ V™, ijr3= der.. Referring
to Figure 5.

Pl = 1 Vijr € V™,
tijr =20 Arrival time instant of the truck at the point ijré Vg, after all drones have

been launched.
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Table 9 Continued.

Table 9. Sets, parameters, and decision variables of the TSPTWmD model

tiz =0 Arrival time instant of the o™ drone at the point ijre V; ..., after the drone

has been received, @ € D.

The objective of this model TSPTWmD is to minimize the total delivery time.

(TSPTWmD) Min t,,,

(14)

The following constraints make sure the routes of the truck and drones are valid.

s.t. Z Xk + Z Z Z Yiijroimr,) =1 VkeV

heVy,h#k aeD ijreVy lmryeVy

Z xoj=1

J€Vni1

Z Xin+1) = 1

: !
ieVy

Z xij = Z in V] € V,

| , At
ieVy,i#] eV 1% ]

Z yﬁjrl,k,lmrz] <1 Vire VO*' aeD

keVg ImryeVy 4

a *
§ Vlijrykimry) <1 Vlmrz € Vi1, aeD
ijri€Vy keVg

Zy[‘fjrl’k’lmrz] < X + Xpm V[ijry, k, lmry]e {B|Vijry, Imr, € R'}, aeD

2Y[i ktmry] = Z Xij + Xim V[i, k, lmr,]e {B|Vi € Vg, lmr, € R'}, aeD

J€Vnra\(ik}

(15a)

(15b)

(15¢)

(15d)

(15e)

(15)

(159.01)

(159.02)
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ZJ’[ijrl,k,m] < x; + Z Xim V[ijry, k,mle {B|Vijr, e R",meV, .}, aeD (159_03)
leVy\{m,k}

2Y(ikm) < z xij + Z Xim V[i,k,m]e {B|VieVy,meVy, 1}, aeD (15g_04)
J€Vni1\{L.K} leVo \{mk}

Constraint (15a) states that each customer must be visited once by either the truck or a
drone. Equations (15b), (15c¢) require the truck to leave and back to the depot only one time
respectively. The truck’s flow in equals the flow out of a customer is restricted by equation
(15d). Constraints (15e), (15f) limit that any drone cannot be launched or received more than one
time at any point. The set of inequalities (159) are set to assure that the truck must traverse an arc
if the drone is launched or received at any point on the arc or a node. Launches and receptions of
multiple drones on the same arc or the same point are allowed.

| set the time tracking of the truck.

Z Z Yﬁjrl,k,lmrz] + Z Z yﬁmm,n,pqrg] < Zzgnrz <2 Z Z y[olgjrl,k,lmrz] +

ijri€Vy keVg nevVy pqrz€Vy,, ijrieVy keVg
[04 *
2 Z z y[lmrz,n,pqr3]) VIer € VO,n+1' aeD (16(1)
neVg pqri€eVy 4
a a
Z Zlmr, < NqZimr, < Ng Z Zimr, vimr, € Vg i1, €D (16b)
aeD a€eD
1
tlmrz 2 tlm(rz—l) + Etelem(rz—l) + Tlim(ry—1),lmry] + Etelemrz - M4[lm(r2—1),lmr2] ' (1 - xlm)
vimr, € Vy,q,lm(r, — e Vy (16¢)
a a

ex| 1— Z Z Z Viijrijimry] | < te < | 1— Z Z Z Ylijry kimr,]

aeD ijrieVy ImryeVy, aeD ijrieVy ImryeV, 4

VkeVoni1 (16d)

Constraints (16a) determines z;,,,,, = 1 when an intermediate point is visited by the truck

either to launch or receive the o' drone or to do both. (16b) forces the truck to visit the
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intermediate point ijr if any drone (e.g. the o'" drone) utilized this point. Arrival time instants of
the truck are defined by constraint (16c) within which the receiving and launching times and the
time of out-of-route are considered. We can set a big enough positive number My(inr,~1),imr,] =
L + T(im(ry-1),imr,] T tex- TO make the constraints more tightly, we can set My jimr,—1),imr,] =
max(ly, L) — min(ey, em) + Tlimery—1),imr,] T tex- TiMe window constraints of customers
visited by the truck are described by constraint (16d).

| set the time tracking of drones.

! !
timr, = tife S0+ Tlijroi) t Tleimry] T Sk + Ms(ijr kimr,] (Y[ofjrl,k,lmrz] - 1)

V(ijry, k, lmr,)eB, @ € D (17a)

, 1 1

tlror[lrz = tlm(rz—l) + Etelem(rz—l) + Tim(ry—1),lmrs] + Etelemrz + sr Z Z y[oiljrl,k,lmrz]
ijreVy keVg

—Meim(r,~1),imry] ° (1 — Zﬁnrz) vimry € Vy,q,lm(r, — e Vg, @ € D (17b)

timr, T SL Z Z Yimrynpars] | < timr, + L(l — ng,z) vimr, e Vy, ., a €D (17¢)

neVy pqrs€Vpyq

Arrival times of drones at a point is set in the constraint (17a). We can assign
Ms(ijr, jimr,) = max(l;, ;) — min(ey, e,,) + Tijrok] T Tlumr,) + Sk + 5. TO be sure drones
can be operated only after the truck arrives a point (17b, 17c) are set. We have

M6[lm(r2—1),lmr2] = max(ll' lm) - min(el' em) + Tlim(ry;—1),lmr,] + lex-

B a,pB .. "
Lijr, = tijr, < Magijr) Zijh, Vijry €Vyp, @, pED, a # (17d)
B a,B .. "
tifr, = tijr, < Mapijry - (1= Z5.) Vijry € Vay, @, B ED,a # B (17e)
B a,p a B
tllro;lTZ B tlmrz = Zlmrz 51 Z z Ylimr,n,pqrs] + SR z z y[ijrl,k,lmrz] +
nevq pqrseVny, ijri€Vy keVg
a:ﬁ B a
(1 - Zlmrz) S z Z y[lmrz,n,pqr3] + Sk z Z y[ijrl,k,lmrz]
nevq pqrseVny, ijri€Vy keVg
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(s +50) (2 = 28our, — Zh,) vimr, Vi, a,B €D, a+f  (17f)
e Z Z Yitjrokimry) S tijry + S+ Tijr gy S L+ (e = L) Z Z Yiijryhemey)
ijrievy ImryeVy, ijrieVy ImryeVy,
Vijry € {V§|lijry, k, Imry]eB}, k € Vg, € D 17g)
timr, = tif, < F + (L —=F)(1 =y cimr,)) v[ijry, k,Imr,]eB,a € D (17h)

a,p

(17d) and (17e) are to determine the correct value of Z Imr

. My, 1S @ positive big
enough number. To make the constraints more tightly, we can set it equal to L - E. If we want to
make it even tighter, its value can be My[;;,,; = l; — e;. Constraint (17f) is assigned to maintain
an appropriate relationship of arrival times between each pair of drones at a given point. Please
note that (17f) is nonlinear. It can be transformed into a set of linear constraints which are shown
in Appendix B. Customers’ time windows and flying time limit for the drone are restricted by
constraints (179), (17h) respectively.

Crossed branch routes as shown in Figure 6 are prohibited by constraints (18a)~(18c).
¢

ifrs = tder, < Mgalaer, ijrs] * Plaeryijry)  Vdery € Vg, ijrs € {V"|ijr; # dery},a € D (18a)

tior, = tifv, < Maplaery,ijr) - (1 = Dfier, ijryy)  Vdery € Vg, ijrs € {V*|ijrs # der;},a € D (18b)

tL{jqrg, = té%rz - L(3 - z Y['fierl,f,ghrz] - z z yﬁjr;;,k,lmm] - p[ofierl,ijr;;])

fevy keVg ImryeVy, 4
Vder, € Vg, ghry € Vi, q,ijr3e{V*|ijrs # der},a € D (18¢)
Mgaldery,ijry] @Nd Mgpger, ijr,] @ré two positive big enough numbers. To make the
constraints more tightly, we can set them equal to L - E. If we want to make them even tighter,
their values can be Msq(qer, ijr,] = max(li, lj) — min(eg, €¢), Mzpaer, ijr,] = max(ly, L) —
min(ei, ej).
Decision variables are defined in (19a)~(19g).

to=t*=0 VaeD (19a)
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tijrtig 20 Vijr €Vgp,@ €D (19b)
X €01} Vi€ Vyj €V, iz (19¢)
Yiijrojumr,) € {01} Vijry € VG, k € Vg, lmry € Vg q, ijry # k # lmry, @ € D (194_01)
Yiijrjumr,] = 0 if Tijrgg t Teime,) > F V@ €D (19d_02)
Plaer, ijrs] € (0,1} Vder; e Vg, ijrse{V’|ijrs # der;},a €D (19e)
ZjirZijr €{0,1}  Vijr € Vg4, @ €D (191)
ziF e {01} VijT € Vins1, @ B €D, (199)

After optimization, we can calculate t;*(arrival time to customer k by the o™ drone),
Wiy, (Waiting time of the truck for the a!" drone at intermediate point Imry), Wimy, (Waiting

time of the o' drone for the truck at intermediate point Imrz) as the followings.

tllca = tiquﬁ +5,+ T[,ijr1,k] vy[oiljrlrkrlmrz] =la€D (Zoa)
a ra 1
Wimr, = max(tlmrz — SR — tlm(rz—l) - E telem(rz—l) — Tlim(r,—1),lmry] — 5 telemrzt 0)
Vy[al{jrl,k,lmrz] = 1,0.’ €D (ZOb)
!
Wl’r(:lm = tl,#l‘i"z - tllca ~ Tlk,imr,] — SR Vy[al{jrl,k,lmrz] =lLa€eD (ZOC)

According to the experience of essay 2 (Chapter 3) I could not find exact optimal
solutions for large sized (more than six customers) TSPTWD problems within an hour. This
generalized TSPTWmD would be even more time consuming. Then | decided not to solve
optimal solutions but to develop effective metaheuristics to find good truck and drone solutions

for large size problems (as many as 100 customers) in the following section.

Development of Metaheuristics
Based on the nature of the models and the heuristics in Chapter 3, some of them can still

be used to solve multiple drone problems but some others cannot. The modified Savings Method
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still can be used to find good truck solutions of TSP. The naive method will not be used again
since it does not use any improvement strategies and tests showed that for many instances it
produced poor quality solutions than those from the Savings Method. SA_01 is a good
metaheuristic as shown in Chapter 3, but it is not suitable for this multiple-drones model. SA 01
only uses near neighbors to find launching and receiving points. It cannot generate any
overlapping situations as in Figure 16(f, g) which is one of the main reasons that multiple drones
can help a driver save more time than operating only one drone. SA_02 from Chapter 3 can be
extended to a multiple-drone version in this chapter. A new algorithm SA_03 will be developed

to incorporate all the advantages of SA_01 and make it suitable for multiple drones.

Modified Savings Method for Traveling Salesman Problem with Time Windows (TSPTW)

It is the same as this section in Chapter 3.

Simulated Annealing (SA) framework for TSPTWD
Both SA_02, SA_03 are based on Algorithm 2 SA framework for TSPTWD in Chapter 3.

We just need to add the number of drones into the algorithm.

SA 02, SA_03 return the same format two-dimension matrix (transformed_TD) to
represent a truck and multiple drones solution as shown in Figure 16(h) which is transformed
from the one-dimension truck solution. The returned solution of a truck and multiple drones is

passed to an algorithm (cost_TmD) to calculate its corresponding cost as shown in Algorithm 6.

Algorithm 6. Calculate the cost a truck and multiple drones solution (cost._ TmD)

Input:

transformed_TD #two-dimension matrix, e.g. Figure 16(h) to represent a truck and multiple
drones solution

Parameters of the instance, e.g. 1, T, Va, SL, SR, tex, F, €i, li, E, L (Symbols are defined in Table 1)
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Function cost_ TmD:

Principle 1- If there are drones to be received at a point, then receive them at first and launch
them if necessary. After that, launch the other drones.

Principle 2- If there are multiple drones to be received at a point, then receive the earliest
arriving one at first and then launch it immediately if it is required. And then receive
and launch the second arriving one and the others.

Principle 3- After all drones have been received and launched, that time is considered as the
arrival time of the truck and drones system at a point.

Principle 4- The arrival time back to the depot is the delivery time of the truck and drones
system.

Principle 5- cost = delivery time + orw*violation of time windows + mr*violation of maximum
flying time of a drone

Return cost

End Function

Simulated Annealing 02 (SA_02) for Multiple Drones

This algorithm (SA_02) is a generalized form of the SA_02 in Chapter 3 for one drone.
SA_02 is distinguished from SA_03 since it uses some negative numbers, e.g. *-1’s, *-2’s, to
indicate launching and receiving points. After negative numbers are inserted and adjusted
properly, this adjusted string of solution can be input into Algorithm 2 SA framework to search
for good solutions of a truck and multiple drones. The following paragraph will demonstrate how
to insert negative numbers. When we need to transform a truck route into a truck and multiple
drones solution, we will use this algorithm SA_02. SA_02 will utilize one of the improvement
strategies, i.e. expanding and shrinking strategy to get good quality truck and multiple drones
solutions. This process is briefly described in Algorithm 7 SA_02 multiple drones. A detailed

example is illustrated after the paragraph about inserting negative numbers.
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Figure 16(a) shows an original truck route within which 0, 6 represent the depot, and 1~5
are customers within which 1, 3, 4, 5 are drone eligible customers. To adjust it as a suitable
string solution for SA_02, we need to insert 2*|V|, i.e. 8, negative numbers randomly between
the start and end depots, Figure 16(b). Assume we have two drones. Then they are represented
by ‘-1’s and ‘-2’s. The number of negative numbers of each drone should be assigned
approximately evenly. If there are greater than or equal to two ‘-1’s following the depot ‘0’, then
one of those ‘-1’s will be moved to the end of the solution string (after the depot 6) to be sure the
depot at the end can be a receiving point and the same process for ‘-2’ or other negative
numbers. After that we have a well-adjusted truck route string solution (Figure 16(c)) to put into
Algorithm 2 SA framework. The SA operator will operate on the customers and negative
numbers between the start and end depot. When we need to calculate the truck cost of an

adjusted form just described for SA_02, we need to remove all negative numbers temporarily.

Figure 16(c~i) will use an example to illustrate how to transfer a truck route of SA_02
into a truck and multiple drones solution. We iterate each point after 0 the depot in Figure 16(c).
First, we should focus on ‘-1’s for the first drone. The first ‘-1’ after 0 indicates that depot 0 can
be a launching point (Principle 1 of Algorithm 7). The two ‘-1’s after 4 means customer 4 can be
both a launching and a receiving point (Principle 2). Since there is a potential launching point 0
and two potential drone-visit customers 1, 3, we choose 1 randomly as the first-drone-visit
customer out of 1, 3 (Principle 4). Then we can find a ‘-1’s after 6 which means depot 6 can be a
receiving point. There is one drone eligible customer 5 between 4 and 6. Then customer 5 will be
visited by the first drone and 4, 6 are the launching and receiving points. The result is
demonstrated in Figure 16(d). According to principle 5, we should remove all ‘-1’s and first-

drone-visit customers from the truck route, Figure 16(e). The launching and receiving points of
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the first drone cannot be visited by the other drones. Then customer 4 cannot be a drone-visit
customer and there is only customer 3 is drone eligible. Depot 0 and customer 4 can be launching
and receiving points since there are ‘-2’s following them. The -2’ after customer 2 has to be
ignored because there are no drone eligible customers between 0 and 2. Between 0 and 4 there
are two customers 2, 3, and 3 is the only one that can be visited by a drone. Then we choose
customer 3 as a second-drone-visit customer as shown in Figure 16(f). Until now we only used
customers as launching and receiving points. According to my new model, | should explore
solutions by using intermediate points. Then the next step is to randomly shift the existing
launching and receiving points to their nearby intermediate points but not further than the next
customer. Suppose the algorithm randomly searching the nearby neighborhood of the launching
point 0 and choosing an intermediate point 7 between depot 0 and customer 2. Then intermediate
point 7 becomes the launching point of the first drone to visit customer 1. Similarly, an
intermediate point 8 between customers 2, 4 is chosen as the updated receiving point. The next
pair of launching and receiving points 4, 6 randomly shifted to intermediate points 8, 9. For the
second drone, the launching point of customer 3 shifted from 0 to an intermediate point 7. The
truck and multiple drones solution is shown in Figure 16(g). Next, this truck and multiple drones
solution will be transformed into a two-dimension matrix as illustrated in Figure 16(h). The first
row in that matrix indicates the truck route (7, 8, 9 are intermediate points between depot 0,
customers 2 and customers 2, 4 and 4, 6). The ‘-1’s in the second and fourth rows show the
launching and receiving points of the drone. In Figure 16(h) the four ‘-1’s indicate that points 7,
8, and 8, 9 are launching and receiving points. The third row shows that customers 1, 5 will be
visited by the first drone after it is launched from intermediate points 7 and 8, respectively.

Similarly, rows 5, 6, 7 show that the second drone will be launched at an intermediate point 7
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then visit customer 3 and be received at customer 4. The last step before returning is to use the
expanding and shrinking strategy. We will do shrinking at first and then expanding for the first
drone and the second one. If the drone’s flying time on 7-1-8 is shorter than the truck’s traveling
time on 7-2-8, then there is drone waiting time. We can use the shrinking strategy to reduce it.
Suppose the algorithm shrinks the receiving point from intermediate point 8 to customer 2 such
that the drone waiting time is reduced and there is not truck waiting time. After this shrinking
operation, we cannot reduce the truck and drone delivery time directly, but we can reduce the
probability of exceeding the maximum flying time and provide more opportunities for the
following expanding strategy. If in this example the truck traveling time on 8-4-9 is shorter than
the drone’s flying time on 8-5-9, then there is truck waiting time which should be avoided as
much as possible. Here we need to use the expanding strategy to try to expand the truck’s route
8-4-9. The algorithm will search points out of the range of 8-4-9 as far as possible but cannot
expand into other launching and receiving ranges of this drone. Suppose the algorithm chooses
intermediate point 8 as the new launching point such that the truck traveling time on 2-8-4-9 is
greater than or equal to the drone’s flying time on 2-5-9. Then there will be no truck waiting time
on this segment and the quality of the solution has been improved. Similarly, we shrank the
receiving point of the second drone from customers 4 to 2. Finally, Figure 16(i) shows the matrix
of the truck and drones solution (transformed_TD) after implementing the expanding and

shrinking strategy which will be returned and this algorithm SA_02 is done.

Algorithm 7. Simulate Annealing 02 for multiple drones (SA_02. A detailed illustration
example can be found in the main body)

Input:

String sol (initial solution of the truck route with negative numbers, e.g. Figure 16(c))
Parameters of the instance, e.g. t, t°, Va, SL, SR, tex, F (Symbols are defined in Table 1)
Function SA_02:
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Step 1. Generate a truck and multiple drones solution, e.g. Figure 16(f), based on the following
principles.

Principle 1: If a customer or the depot is followed by a negative number (*-1°, *-2°, etc.),
then that customer or depot is eligible to be a launching or receiving point.

Principle 2: If a customer or the depot is followed by greater than or equal to two
negative numbers, then that customer or depot is eligible to be a launching
and a receiving point.

Principle 3: If there are no drone eligible customers between a pair of launching and
receiving points, then ignore this potential receiving point. But the launching
point is still active.

Principle 4: If there are multiple drone eligible customers between a pair of launching and
receiving points, then one of them is randomly chosen as the drone-visit
customer.

Principle 5: If there are multiple drones, then implement the above principles to the first
drone. The first-drone-visit customers should be removed from the truck
route and cannot be visited by other drones. The launching and receiving
points of the first drone cannot be reused as launching or receiving points but
cannot be visited by other drones. Then repeat principle 5 to the other drones.

Step 2. Randomly shift the launching and receiving points to nearby intermediate points to
explore more solutions (not further than one customer), e.g. Figure 16(Q).

Step 3. Generate a two-dimension matrix transformed_TD to represent a truck and multiple
drones solution, e.g. Figure 16(h).

Step 4. Implement the expanding and shrinking strategy to improve the quality of a solution
further, e.g. Figure 16(i).

Return transformed_TD

End Function

www.manaraa.com



[of1]2]3fa]s]6]

(a) original truck route

81

IE

1f2[af2]1]2]2]3][a]2][]1]s]s]

(b) insert “-1’s, *-2’s randomly

| o

1]2]1]2

2] 3]a]2[1]1]s5]6]1]2]

(c) move a ‘-1" or ‘-2’ to the end if necessary

0: 2 3 "
~ - ~
~ - ~ »
- ~

] - w5’

(d) identify 1%-drone-visit customers, launching and receiving points

Or= 2

o7 Jof2]2]2]3]a]2]s6

2]

(e) remove 1*-drone-visit customers and *-1°s

F- 6 r ~-8 r
“.-"'--. _,—"‘?4\ 'J' 0 ?-.._. 2 P ~ - ,4 2 6
- — - -~ -~ - Ll
i T - ~ - ! - P I
- - ~ - - ws ” - ~ - , ~ -
1= -3 5 -~ - ~s

(£) identify 1-2"-drone-visit customers, launching and receiving points

(g) insert intermediate points; random shifting launching & receiving points"

truck route 0172|8496 truck route 0|17]2|8[|4|9]6
1st_drone launching points -1 1st_drone launching points -1]-1

1st_drone-visit customers 1 5 1st_drone-visit customers 1]5

1st_drone receiving points -1 -1 1st_drone receiving points -1 -1
2nd_drone launching points -2 2nd_drone launching points -2

2nd_drone-visit customers 3 2nd_drone-visit customers 3

2nd_drone receiving points -2 2nd_drone receiving points -2

(h) corresponding transformed solution

(1) transformed solution after expanding and shrinking strategy

Figure 16. An illustrative example of SA_02 (multiple drones)

Simulated Annealing 03 (SA_03) for Multiple Drones

Algorithm SA_01 in Chapter 3 is a good algorithm that utilizes all the improvement

strategies and generates better results than SA_02. But SA_01 is not suitable for this multiple

drones model since it cannot generate overlapped flights for different drones. This SA_03 will

heritage all the advantages of SA_01 and incorporate multiple drones to find good solutions.

Similar to SA_01, SA 03, it is also based on the Algorithm 2 SA framework. When we need to

transform a truck route into a truck and multiple drones solution, we will use this algorithm. This

process is briefly described in Algorithm 8 SA_03. A detailed example is illustrated in the

following paragraph and Figure 17.

I will use the following example to demonstrate Algorithm SA_03. Suppose we have two

drones in this example. Figure 17(a) shows part of an original tuck route that is passed into this
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algorithm. O is the depot and 1 to 6 are customers. According to the picking and dropping
strategy, all drone eligible customers will be picked up at first, i.e. assume customers 1,2,3,4, 5 in
Figure 17 (b). An intermediate point 7 is on the arc (0, 6). Customers 1 to 5 are considered as a
group of consecutive customers between the range 0-6. Each of such a group of customers must
find their launching and receiving points within their ranges. Any of the two reasons would lead
to a random dropping of one of the customers in a group, i.e. this group is infeasible or
unpromising. The group of customers 1,2,3,4, 5 in Figure 17(b) is an example of an infeasible
group since customer 1,3,5 and 2,4 will be visited by the first and second drone respectively but
three points 0,7,6 in this range 0-6 cannot handle three customers of the first drone. Then we will
drop one of the customers in this group (1,2,3,4,5) randomly. Suppose customer 4 is chosen and
dropped back to the truck route. Then we can insert intermediate points 8, 9 into their
corresponding arcs 0-4, 4-6, Figure 17(c). Now we have two groups of drone eligible customers,
i.e. customers 1,2,3 between the range of 0-4 and 5 between the range of 4-6 which are all
feasible since we can find enough launching and receiving points. Now we should check whether
those groups are cost promising based on the idea of picking and dropping strategy, i.e. truck
saving time is larger than drones’ serving time. For example for the group of 1,2,3 in the range 0-
4, we want to check whether tor + t12 + t23 + t34 — tos > 3*(SL + Sr + 2*te). If the answer is no,
then this is not a promising picking we will drop back randomly one of customers 1,2,3. Suppose
in this example it is promising for the two groups 1,2,3 and 5 and we will maintain to find their
launching and receiving points. Since there are two drones, we assign customer 1,3 to the first
drone and 2 for the second. In the second group, the only customer 5 is assigned to the first
drone. Launching and receiving points for each drone and each group of customers will found

randomly within their ranges. The result is shown in Figure 17(c). Next, this truck and drones
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solution will be transformed into a two-dimension matrix as illustrated in Figure 17(d). The first
row in that matrix indicates the truck route. The ‘-1°s in the second and fourth rows show the
launching and receiving points of the first drone. In Figure 17(d) the six ‘-1’s indicate points
0,8,4 and 8,4,6 are launching and receiving points. The third row shows that customers 1,3,5 will
be visited by the first drone. Similarly, the fifth to seventh rows show that the second drone is
launched at point 8 to visit customer 2 and will be received at customer 4. The last step before
returning is to use the expanding and shrinking strategy. We will do shrinking at first and then
expanding for the first drone and the second one. If the drone’s flying time on 4-5-6 is shorter
than the truck’s traveling time on 4-9-6, then there is drone waiting time. We can use the
shrinking strategy to reduce it. Suppose the algorithm shrinks the launching point from customer
4 to intermediate point 8 such that the drone waiting time is reduced and there is not truck
waiting time. Then we will use the expanding strategy. If in this example the truck traveling time
on 8-4 is shorter than the drone’s flying time on 8-3-4, then there is truck waiting time which
should be avoided as much as possible. Here we need to use the expanding strategy to try to
expand the truck’s route 8-4. The algorithm will search points out of the range of 8-4 as far as
possible, i.e. cannot expand into other launching and receiving ranges. Suppose the algorithm
choose intermediate point 9 as the new receiving point such that the truck traveling time on 8-4-9
is greater than or equal to the drone’s flying time on 8-3-9. Then there will be no truck waiting
time on this segment and the quality of the solution has been improved. Similarly, the flight of
the second drone is also expanded from 8-2-4 to 8-2-9. Finally, the matrix of the truck and
drones solution (transformed_TD) after implementing the expanding and shrinking strategy will

be returned and this algorithm is done.
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Due to the nature of SA_02, it does not use the picking and dropping strategy. So, | am
expecting that SA_03 will generate better solutions than SA_02. The following computational

experiments will test it.

Algorithm 8. Simulate Annealing 03 for multiple drones (SA_03. A detailed illustration

example can be found in the main body)

Input:

String sol (initial solution of the truck route of a traveling salesman problem, e.g. Figure 17 (a))
Parameters of the instance, e.g. t, T°, V4, SL, SR, tex, F (Symbols are defined in Table 1)
Function SA_03:

Step 1. Pick up all customers in Vg out of the truck route as potential drone-visit customers, e.g.
Figure 17 (a, b).

Step 2. Infeasible or unpromising customers will be dropped back, e.g. Figure 17 (b, c).

Step 3. Intermediate points are inserted and launching and receiving points of each drone-visit
customers are chosen randomly within their ranges, e.g. Figure 17 (c).

Step 4. Generate a two-dimension matrix transformed_TD to represent a truck and multiple
drones solution, e.g. Figure 17(d).

Step 5. Implement the expanding and shrinking strategy to improve the quality of a solution
further, e.g. Figure 17 (e).

Return transformed TD

End Function
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(e) truck and multiple drones solution before expanding and shrinking strategy

truck route 0o|8|4]|9]|6 truck route 0|8|4|9]|6
1st_drone launching points 1)-1-1 1st_drone launching points -1 -1 -1
1st_drone-visit customers 113|565 1st_drone-visit customers 1|3 5
1st_drone receiving points -1]-1 -1 1st_drone receiving points -1 -1 -1
2nd_drone launching points -2 2nd_drone launching points -2

2nd_drone-visit customers 2 2nd_drone-visit customers 2

2nd_drone receiving points -2 2nd_drone receiving points -2

(d) corresponding transformed solution (e) transformed solution after expanding and shrinking strategy

Figure 17. An illustrative example of SA_03 (multiple drones)

Computational Experiments:

| arranged the following computational experiments to test the effectiveness of those
several heuristics and how my new model can provide further benefits to the practice of a truck

and multiple drones delivery mode.
Experimental Factors and Parameters

The same as this section in Chapter 3 and Table 6. The difference is that the number of

drones is a new factor to test the effect of my new model on the delivery time savings.

Experimental Design

To compare those developed heuristics and effectiveness of my new model, | employed

full factorial experiments with four factors, i.e. length of sides of a square area (three values),
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number of customers (three values), number intermediate points on each arc (four values) and
the number of drones (three values). | call each combination of the values of the four factors as a
scenario. For each of such a scenario, | generated five instances randomly. Each of the instances
would be solved by three algorithms, i.e. Savings Method, SA_02, and SA_03. Due to the
randomness of the three algorithms, | have set each of them to take ten runs based on the same
instance. First, the Savings Method started from the initial solution to run ten times. The average
cost of the feasible solutions would be saved as the result of this algorithm of this instance. The
best solution of the Savings Method would be the initial solution for all other algorithms. Each of
them will take ten runs and save the average cost of feasible solutions as the result of this
algorithm of this instance. The average cost of the five instances is the result of a scenario of an
algorithm. Those results will be saved as the final results of these experiments. Then totally the

experiments will take 3*3*4*3*5*3*10 = 16,200 runs.

| implemented the algorithms and experiments mainly in Julia (1.0.4) which is a high-
performance language designed for scientific computation (Bezanson et al., 2017). The program
was run on a desktop PC (Core i7 2.4GHz quad-core PC with 32GB of memory, Windows

system).

Results
The results of the average delivery times of the computational experiments can be found

in Appendix C. The impacts of the factors are reported as follows.

The comparison of algorithms is summarized in Table 10. The feasibility percentage
shows how many feasible solutions were found within all the 450 runs. It shows that SA_03 has
the highest percentage (99.8%) of feasibility and the Savings Method has the lowest one

(98.9%). The average delivery time (of feasible solutions) demonstrates how good the quality is
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for the solutions found by an algorithm. The result of the Savings Method for TSP can be
considered as the benchmark. SA_03 found solutions with the lowest average delivery time
(198.51 minutes) which dominates the results from SA_02 (217.28 minutes). It is obvious that
SA_03 almost always finds feasible solutions and with higher quality. Then in the following part

of this chapter, I will report data from this algorithm to show the impacts of factors.

Table 10. Comparison of algorithms

Savings Method SA 02 SA 03
feasibility % 98.9% 99.0%  99.8%
average delivery time (minute) 246.55 217.28 19851

The data of the impacts of the number of intermediate points on each arc is shown in
Table 11. For a given number of customers and drones, normally the delivery time saving
percentage will increase when more intermediate points are provided. We can also observe that
for a given number of customers, an increased size of area will lead to more savings. It implies
that lower customer density provides more opportunities for delivery time saving by deploying

drones. Figure 18(a) shows a chart of one of the typical situations.

Table 11 also shows the impact of the length of side (or size of area) on delivery time
saving percentage. For a given number of customers and drones, if we increase the length of side
(or size of area) then we will find more delivery time savings. That is consistent with my analysis
of the CG strategy in Chapter 3. This trend is also demonstrated in Figure 18(b). We can also
observe that for given customer density and number of drones, more intermediate points on an
arc will lead to more savings and with diminishing margins. It implies that too many

intermediate points may not continuously bring us more delivery time savings.
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Table 11. Delivery time saving % with one truck two drone, SA_03 metaheuristic

# cus length_side(mile) inter p0 inter pl inter p2 inter p3

60 15 5.9% 6.5% 6.8% 6.8%
60 5 18.0% 21.3% 22.3% 22.5%
60 8 24.6% 27.3% 28.4% 28.9%
80 15 8.4% 9.3% 9.3% 9.3%
80 5 14.1% 16.9% 17.8% 18.4%
80 8 18.6% 22.0% 23.1% 24.5%

100 15 6.2% 6.7% 6.7% 6.7%

100 5 12.6% 16.4% 17.5% 18.3%

100 8 24.6% 28.2% 30.3% 30.6%

Saving % vs intermediate points per arc (80 customers, 2 drones) Saving % vs length of side (80 customers, 2 drones)
wenawem || B2 B
8 oox | | | length of side = 5mi = oo inter—::

e — —e— length of side = 1.5mi oo s
’ interlmediate points p:rarc ’ l ’ ’ Ieng:h_side{;ﬂe) ’ ' :

(a) (b)

Figure 18. Delivery time saving % vs # of intermediate points or length of side, 2 drones

The data of the impacts of the number of customers is also contained in Table 11. For a
given area and number of drones, increasing numbers of customers did not lead to a monotonic
trend of saving percentages. That was a little bit confusing to me. A typical chart is shown in
Figure 19(a). After analyzing the nature of problems, I think the reason is that random instances
were generated with different numbers of customers, random time windows, random locations.
Those would bring unpredictable randomness to the problems. Literature also supports my
analysis that sometimes algorithms generate unexpected solutions (with longer traveling time)
due to the constraints of some customers’ time windows (Holland et al., 2017). Then I run the
experiment again with no time windows. Some typical results are shown in Figure 19(b) with a

monotonic decreasing trend of delivery time saving percentages versus the number of customers
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in a given area and number of drones. It is generally consistent with my analysis that higher

customer density leads to lower savings. Please note that the saving percentages are reduced

when time windows are removed. The possible reason is that time windows make it more

difficult to find good solutions, e.g. UPS stated that their truck may visit an area twice due to

time windows (Holland et al., 2017). Such that there might be more chances to save time when

there are time windows and vice versa.

Saving % vs #_customers (8*8mi?, 2 drones, with time windows)
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23.0% v —o—intar_p2
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17.0%
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Saving % vs # customers (8*8mi?, 2 donres, no time windows)
24.0%
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Figure 19. Typical charts of delivery time saving % vs number of customers

The data of the impacts of number of drones is shown in Table 11. For a given customer

density, normally the delivery time saving percentage will increase when more drones are

provided. Figure 20 shows the charts of two typical situations. This figure also infers that the

marginal saving percentages are decreasing when there is a larger number of drones. It implies

that too large number of drones may not bring us a large percentage of delivery time savings. A

possible reason is that too many drones require the truck driver to collaborate them and must

wait for the last drone being received at a point then he or she can continue to visit the next

customer. Those collaborations and waiting may increase the total delivery time which

diminishes the savings from a larger number of drones.
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Table 12. Delivery time saving %, area=8*8mi?, SA_03 metaheuristic

length_side(mile) # cus # drones inter_pO inter_pl inter_p2 inter_p3

8 60 1 20.7% 23.7% 25.2% 25.8%
8 60 2 24.6% 27.3% 28.4% 28.9%
8 60 3 26.0% 28.8% 29.6% 29.8%
8 80 1 17.7% 20.5% 20.9% 21.2%
8 80 2 18.6% 22.0% 23.1% 24.5%
8 80 3 19.0% 23.0% 24.7% 25.5%
8 100 1 21.6% 25.3% 27.8% 28.5%
8 100 2 24.6% 28.2% 30.3% 30.6%
8 100 3 25.2% 29.9% 31.1% 32.1%
Saving % vs number of drones (80 customers/8*8mi?) Saving % vs number of drones (100 customers/8*8mi?)
27.0% 33.0%
25.0% 31.0%
23.0% / 29.0% //
R ) ¥ 27.0% inter_p3
£ 21.0% inter_p3 £
§ —o—inter_p2 3 25.0% —o—inter_p2
19.0% //4 inter:pl 23.0% /_/_‘ inter_pl
17.0% —e—inter_p0 21.0% e nter_po
15.0% 19.0%
number of drones number of drones
(a) (b)

Figure 20. Typical charts of delivery time saving % vs number of drones

Conclusion
In Chapter 4 | developed a new mathematical model of TSPTWmD and two
metaheuristics (SA_02, SA_03) to solve TSPTWmD problems having as many as 100 customers
which is similar to the size of problems in the real world.
A series of improvement strategies had been developed to improve the quality of
solutions. Those strategies were developed based on the specific nature of this novel problem
TSPTWmD. When those strategies were implemented the metaheuristics could generate much

higher quality solutions.

www.manaraa.com



91

Computational experiments were designed and implemented to test the developed
metaheuristics and the impact of factors. The results showed that SA_03 is outperformed to
SA _02. The idea of my research to provide multiple drones did generate more delivery time
savings than only employing one drone. The results show that the delivery time could be further
reduced as large as more than 5% and the actual time saving could be as large as 32.1%. And
intermediate points also help to increase those savings. UPS says for its 55,000 drivers even one
mile reduction per driver per day will lead to about $50 million annual saving (UPS, 2016), i.e.
about $2.5 per mile. The typical operating cost (including purchasing, electricity, maintenance,
monitoring costs) of a drone is about $0.044 per mile (Keeney, 2015). Based on the experiments,
it may be assumed to save one mile for the truck the drone flies two miles. Then the one-mile
cost reduction with a drone is $2.4 or $48 million per year. One mile is about 1% of a typical
route of UPS. Then the 32.1% saving from my model is approximately equivalent to an annual
saving of $1.54 billion. This huge saving would be attractive to practitioners and customers.

As | analyzed in the part of the center of gravity (CG) improvement strategy, lower
customer density may provide more opportunities for delivery time saving. The impact of the
size of areas supports this analysis. But the impact of the number of customers is not so
predictable. The reason might be the randomness of time windows. When all time windows were
removed the results are consistent with what I analyzed.

The computational results also showed that too many intermediate points on an arc or too
many drones may not provide directly proportional time savings. That means a limited number
of intermediate points on arcs or drones would be enough to provide the most savings. It is
consistent with the situation in the real world that due to some constraints, e.g. gas stations,

crossings, bus stops, etc., we can only provide a limited number of intermediate points on arcs.
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And the too large number of drones could increase the complexity of the operation and diminish

further time savings.
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CHAPTER 5. GENERAL CONCLUSION AND FUTURE RESEARCH
In this dissertation, | study a relatively novel variant form of traveling salesman problem
(TSP), i.e. traveling salesman problem with time windows and a drone (TSPTWD) or multiple
drones (TSPTWmD) with intermediate points. Mathematical models and metaheuristics were
successfully developed, and numerical experiments showed promising savings of delivery time

based on existing modes.

In Chapter 2 (essay 1) | developed a new model to solve a novel variant of TSP, i.e.
traveling salesman problem with time windows and a drone (TSPTWD) with intermediate

points.

Computational experiments have been implemented to test my new model and several LP
heuristics. The results of small size problems (less than seven customers) showed that my new
model can save delivery time as large as 42.8% than the traditional pure truck TSP model.
Comparing with the existing model of a truck and a drone operated only on customers’ sites, my
new model further increased the saving as large as 2.85%. And that saving could be even larger

if we implement my model to larger size problems (with more customers).

Due to the NP-hardness, only small size problems (less than seven customers) can be
solved exactly in a practical period (less than one hour). Some LP heuristics can provide
relatively good solutions within a shorter time. But that computing time will also increase too
large to accept. Then I developed other heuristics or metaheuristics to solve large size problems

within an acceptable period.
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In Chapter 3 (essay 2) | developed multiple heuristics and metaheuristics to solve
TSPTWD problems as large as 100 customers which is like the size of problems in the real

world.

The problem of poor-quality solutions had been met and a series of improvement
strategies were initiated. Those strategies were developed based on the specific nature of this
novel problem TSPTWD. When those strategies were implemented the metaheuristics could
generate solutions with much higher quality.

Numerical experiments were designed and implemented to test the developed
metaheuristics and the impact of factors. The results showed that the algorithm SA_01
outperformed SA_02 and the naive method of TSPTWD. The idea of my research to provide
intermediate points on arc did generate more delivery time savings than only operating the drone
on customers’ sites. The results showed that the delivery time could be further reduced as much
as 4% and the actual time saving could be as much as 26%.

As | analyzed in the part of the center of gravity (CG) improvement strategy, lower
customer density may provide more opportunities for delivery time saving. The computational
results also showed that too many intermediate points on an arc do not provide directly
proportional time savings. That means a limited number of intermediate points on arcs would be
enough to provide the most savings. It is consistent with the situation in the real world that due to
some constraints, e.g. gas stations, crossings, bus stops, etc., we can only provide a limited
number of intermediate points on arcs.

In Chapter 4 (essay 3) | developed a new mathematical model of TSPTWmD and two
metaheuristics (SA_02, SA_03) to solve TSPTWmD problems as large as 100 customers which

is like the size of problems in the real world.
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A series of improvement strategies had been implemented to improve the quality of
solutions. Those strategies were developed based on the specific nature of this novel problem
TSPTWmMD. When those strategies were utilized the metaheuristics generated much higher
quality solutions.

Computational experiments were designed and implemented to test the developed
metaheuristics and the impact of factors. The results showed that the algorithm SA_03
outperformed SA_02. The idea of my research to provide multiple drones did generate more
delivery time savings than only employing one drone. The results show that the delivery time
could be further reduced as large as more than 5% and the actual time saving could be as large as
32.1%. And intermediate points also help to increase those savings. According to literature
(UPS, 2016, Keeney, 2015) 32.1% is about $1.54 billion annual saving for a parcel delivery firm
like UPS.

As similar to the results in Chapter 3, lower customer density provides more
opportunities for delivery time saving. The computational results also showed that too many
intermediate points on an arc or too many drones may not provide directly proportional time
savings. That means a limited number of intermediate points on arcs or drones would be enough
to provide the most savings. It is consistent with the situation in the real world that due to some
constraints, e.g. gas stations, crossings, bus stops, etc., we can only provide a limited number of
intermediate points on arcs. And a too large number of drones could increase the complexity of

the operation and diminish further time savings.

There are also some limitations to my studies. First, although most parameters of the
computational experiments are based on actual data, hypothetical instances were generated to be

tested. Perhaps some real addresses can be utilized in the future to get more insights into the
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topic. Second, my algorithms can solve problems as large as 100 customers which are almost the
same as some real problems. But practical reports also show that sometimes a driver may visit as
many as 200 customers per day. That means in the future more efficient algorithms are required

to find better solutions with even shorter computing time.

There are also some potential future research directions for this new mode of parcel
delivery. The delivery mode may be generalized as a drone does not only visit one customer but
multiple customers in one flight to further save the delivery time. How this new mode affects
pollution and operating cost are also interesting topics for researchers and practitioners. The
drones assisted delivery model is still a relatively new approach to transportation. Research and

practice on this topic mush bring more benefits to maintain sustainable logistic activities.
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APPENDIX A. THE EXTRA STOPPING TIME (tex) OF A TRUCK
The extra stopping time in the truck’s out-of-route period will be derived in this section.
Fig. Al shows a segment of an arc on which a truck travels from left to right. Normally the truck
will travel from A to B with a speed v, traveling time is tag. When the truck will go out of the
route from A to C to stop and operate the drone (either launching or receiving) then starts again
and go back to the arc at B. Assume it is a symmetric process, i.e. decelerating on AC and later
accelerating on CB with time tac = tcs, va = VB = Vv, vc = 0, the absolute value of deceleration

and acceleration is a. The extra stopping time on this out-of-route period tex = tac + tcs - tag.

4%
A B

C

Figure 21. A truck travels out-of-route at point C to operate the drone

According to kinematics of physics, we have
v
v=0+a*tCB thentCB=E

Let saB, Sac, Sca denote the distance between AB, AB, and CB. Note that Fig. Al is an
exaggerated one within which the perpendicular distance from C to AB is as short as 3~5meters
(UPS (2017)). Comparing with the length of AB (more than 100 meters) that short distance can

be ignored. So, we have

0O+v v )
*tCB=V*5=U /a

Sap = Sac + Scg = 2 *Scg = 2 * (average veg) * tep = 2 *

2
SAB _ a

Thenty = — =-%=v/a
v v
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We have the extra stopping time on this out-of-route period

t tac +t t ryrz /
= — = — ———=7v/a
ex AC CB AB a a a

According to Don (2013), the average speed v is about 12 mph (serving time included),
acceleration a=0.61m/s? (Lammert and Walkowicz, 2012). If we use v = 12mph, then the extra

stopping time will be

v 12mph )
toxy = — = ——— = 8.79423 seconds = 0.1466 minute
a 0.61m/ X
s

In this study, I will use 0.1466 minute as the standard extra stopping time for each out-of-
route. The formula of tex can give specific values if speed v is changed under different situations.

Furthermore, we can calculate the total deceleration and acceleration distance

v?  (12mph)?

a 0.61m/ ,
S

Sac t Scg = = 47.18 meters

It is much larger than 3~5 meters. That means our approximation is quite accurate.
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APPENDIX B. THE LINEARIZED FORM OF CONSTRAINT (17f)
Constraint (17f) is to maintain an appropriate relationship of arrival times of each pair of
drones at a given point. Since it is nonlinear, this appendix shows its equivalent linear form.

B i ap B
tlmrz - tlrorclrz =2sp—|3— Zlmr2 - Z Z yf{jrl,k,lmrz] - Z Z y[ijrl.k.lmrz] (L +sg)

ijrieVy keVg ijreVy keVg

Vimr, eVp, 0, BED,a # [ (B_01a)

tl’gl?‘z - tllrlrglrz =sg—| 2+ th:‘;lﬁrz - Z Z y[t){jrl,k,lmrz] - Z Z y[lfjrl,k,lmrz] (L + sg)

ijrieVy keVg ijreVy keVg
vimr, e Va1, a, FED, a # (B_01b)
B r ap a B
tlmrz - tlﬁrclrz 2s,— (3~ Zlmr2 - Z Z Ylimrynpqrs] ~ Z Z Yiimry npqrs)]
neVg pqr3eVy neVg pqrseVy
(L+sp) Vimr, eVpi, 0, ED, a # 8 (B_02a)
/ 1B ap a B
timr, = timr, =51 = | 2+ Zypy, — Z Z Yltmr,npars] — Z Z Yltmry,npqrs]
neVg pqr3eVy neVg pqrseVy
(L+sp) Vimr, eVpi, 0, ED, a # 8 (B_02b)
B ' a,B a B
bimr, ~ timr, 2 51+ SR = | 3 Zimr, = z Z Yiimry mpars] ~ Z z Hiijry keimr,)
neVy pqrieVy,q ijrieVy keVg
(L + s+ sg) Vimr, e Va1, a, €ED,a # (B_03a)
’ 1B a,p a B .
tlror[lrz - tlmrz =2—(2+ Zlmr2 - Z z y[lmrz,n,pqr3] - z z y[ijrl,k,lmrz] L
neVg pqr3eVy ijreVy keVg
vimr, e Vyi,a, €D, a # [ (B_03b)
B r a,p a B
tlmrz - tlﬁr{lrz =-|3- Zlmr2 - z z Ylijrykimry] — z Z Yiimry,npqrs]
ijri€Vy keVg nevq pqrs€Vny,

Vimr, e Vpi, 0, ED,a # [ (B_04a)

'B a,B B
tl’#lrz - tlmrz 2 SL + SR - 2 + ZlmT2 - z Z y[cfjrleJlmTZ] - z z y[lmrzvnqurS]

ijrieVy keVg neVg pqrieVy 4
(L + s, + sg) vimr, e Voo, a,B €ED,a # (B_04b)
B a,p
tlmrz - tl,r%rz = S, +Sp— (4 - Zlmrz - Z Z yﬁjrl,k,lmrz] - Z Z y[(},mrz,n,pqrg]
ijr€Vy keVg neVy pqrieVy,
— Z Z y[li?jrl,k,lmrz])(l' + 5, + Sg) Vimr, eV, a0, €ED,a # (B_05a)

ijreVy keVg
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B
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’ B B
tlr%rz - tlmr S, — (3 + Zlmr 2 2 y[l]rl k,lmr,] - Z Z y[lmrz,n,pqrg]
ijreVy keVyg neVy pqrieVy,q
- Z Z y[‘fmrz‘n‘pq%])(L +5;) vimry, e Vo, a,B €ED,a + (B_08b)

neVy pqrieVy 4

B ' o
tlmrz - tlr(flrz =S, +Sgp— (5 Zlmr2 Z Z y[l]T'1 kilmry] — Z Z y[lmrz,n,pqr3]
ijr€Vy keVg neVy pqrieVy,
B B
z Z y[ijrlvkvlmTZ] - z z y[lerJnnpqr3])(L + SL + SR)
ijrieVy keVg neVg pqr3eVy,q
Vimry, e Vo1, a0, €ED,a#+ 8 (B_09a)
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B a,p B B
tl’glrz - tlmrz 2 s, +sp—(4+ Zlmrz - z z y[ijrl,k,lmrz] - Z z y[lmrz,n,pqr3]

ijr€Vy keVg nevVy pqrz€Vy,,
a a
- Z Z Ylijrykimr,] — Z Z y[lmrz,n,pqr3])(L + s, + sg)
ijrieVy keVg neVg pqrzeVy
Vimry, e Vo, a0, E€ED,a# 8 (B_09b)

For example, when a pair of drones are only received and without launching on a point
then the time interval between their arrival times should be at least the receiving time sr no
matter which one is received earlier than the other one. Those relationships are reflected in
(B_01a) and (B_01b). Similarly, (B_02a) and (B_02b) are for two drones only launched without
receiving on a point, (B_05a) and (B_05b) are for one drone received and launched and then

another one is only received. The other constraints in (B) can be explained in a similar logic.
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APPENDIX C. AVERAGE RESULTS OF EXPERIMENTS IN CHAPTERS 3, 4

Part I: SA_01

length of side (mile) 1.5 1.5 1.5 5 5 5 8 8 8
# cus 60 80| 100 60 80| 100 60 80| 100
Improved Savings TSP

(minute) 679 | 84.4| 93.8|232.7|269.3|308.6 | 377.0 | 428.0 | 530.1
naive TSPTWD

(minute) 99.7 | 140.1 | 151.7 | 253.0 | 293.0 | 332.0 | 412.0 | 439.6 | 551.9
SA_01,1 drone,inter_p0

(minute) 63.9| 76.6| 87.8|190.5|236.1|272.1|299.3|356.1|414.9
SA 01,1 drone,inter pl

(minute) 63.9| 76.6| 87.8|184.0|228.9|263.8 | 291.0 | 345.9 | 394.6
SA_01,1 drone,inter_p2

(minute) 63.9| 76.6| 87.7|182.9|227.2|262.7 | 291.0 | 340.8 | 392.4
SA 01,1 drone,inter_p3

(minute) 63.9| 76.6| 87.7|182.9|226.9 | 260.5 | 290.9 | 338.9 | 392.0
SA 01,2 _drone,inter_p0

(minute) 63.9| 76.6| 87.8]191.2|236.8|271.6|299.2 | 355.4 | 418.0
SA_01,2_drone,inter_pl

(minute) 63.9| 76.6| 87.8|183.4|228.9|264.0 | 287.9 | 346.8 | 396.6
SA_01,2_drone,inter_p2

(minute) 63.9| 76.6| 87.8|183.4|227.3|262.2 |287.9|343.0 | 392.9
SA 01,2 _drone,inter_p3

(minute) 63.9| 76.6| 87.8|183.1|225.6|259.8 | 287.9 | 342.6 | 392.9
SA 01,3 drone,inter_p0

(minute) 63.9| 76.6| 87.8|192.1|234.7|272.4|299.5|353.2 | 415.2
SA_01,3 drone,inter_pl

(minute) 63.9| 76.6| 87.4|184.5|224.8|266.1 | 288.4 | 338.9 | 395.3
SA 01,3 drone,inter_p2

(minute) 63.9| 76.6| 87.4|182.7 | 224.8 | 265.4 | 288.4 | 338.9 | 394.4
SA 01,3 _drone,inter_p3

(minute) 63.9| 76.6| 87.4|182.1|224.6|262.4|288.2 |338.9 | 394.4
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Part Il: SA_02

length of side (mile) 1.5 1.5 1.5 5 5 5 8 8 8
# cus 60 80| 100 60 80| 100 60 80| 100
Improved Savings TSP

(minute) 679 | 84.4| 93.8|232.7|269.3|308.6 | 377.0 | 428.0 | 530.1
naive TSPTWD

(minute) 99.7 | 140.1 | 151.7 | 253.0 | 293.0 | 332.0 | 412.0 | 439.6 | 551.9
SA_02,1 drone,inter_p0

(minute) 64.0| 78.4| 88.6 |209.4 | 251.6 | 288.5 | 322.3 | 380.3 | 453.4
SA 02,1 drone,inter_pl

(minute) 64.0| 784 | 88.6 |201.2 |245.1|288.0 |311.8|367.8 | 429.1
SA_02,1 drone,inter_p2

(minute) 64.0| 78.4| 88.6 |200.3 |245.1|288.0 |311.1|365.9 | 428.1
SA_02,1 drone,inter_p3

(minute) 64.0| 78.4| 88.6|199.8 | 244.9 | 287.5 | 308.9 | 364.3 | 427.7
SA _02,2_drone,inter_p0

(minute) 64.0| 78.4 | 88.6|210.7 | 253.5| 288.5 | 314.0 | 378.6 | 447.3
SA_02,2_drone,inter_pl

(minute) 64.0 | 78.4 | 88.6 |202.5|250.3 | 287.3 | 299.7 | 363.8 | 424.7
SA_02,2_drone,inter_p2

(minute) 64.0 | 78.4 | 88.6|199.4 |249.4|287.3 | 299.7 | 362.6 | 412.5
SA _02,2_drone,inter_p3

(minute) 64.0| 78.4 | 88.6|199.4|249.3|287.3 |299.7 | 362.0 | 412.3
SA_02,3_drone,inter_p0

(minute) 64.0| 78.4| 88.6|208.3 | 253.1|288.3 | 312.6 | 379.1 | 447.8
SA_ 02,3 _drone,inter_pl

(minute) 64.0| 78.4| 88.6|198.9 | 248.8 | 286.6 | 293.1 | 366.5 | 423.8
SA 02,3 _drone,inter_p2

(minute) 64.0| 78.4 | 88.6|198.5|247.6 |286.6 | 293.1 | 362.9 | 421.0
SA_02,3_drone,inter_p3

(minute) 64.0| 78.4 | 88.6|198.3 |247.6 | 286.6 | 293.1 | 362.6 | 424.5
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Part Ill: SA_03

length of side (mile) 15 15 15 5 5 5 8 8 8
# cus 60 80 100 60 80 100 60 80| 100
Improved Savings TSP

(minute) 679 | 844 | 93.8|232.7|269.3|308.6|377.0|428.0|530.1
naive TSPTWD

(minute) 99.7 | 140.1 | 151.7 | 253.0 | 293.0 | 332.0 | 412.0 | 439.6 | 551.9
SA_03,1 _drone,inter_p0

(minute) 639 | 76.8| 87.8]193.9|2354|2729|298.9|352.1| 4155
SA 03,1 drone,inter_pl

(minute) 63.7| 76.5| 87.5|185.7|225.8 | 260.7 | 287.7 | 340.1 | 395.8
SA_03,1 _drone,inter_p2

(minute) 63.4| 765 | 875 |183.1|223.8|258.1|282.0|338.7| 3829
SA_03,1 _drone,inter_p3

(minute) 63.4| 765 | 8751823 |220.8|256.5|279.8|337.2|379.2
SA _03,2_drone,inter_p0

(minute) 63.9| 77.3| 88.0]190.8|231.2|269.9 | 284.1 | 348.3 | 399.6
SA _03,2_drone,inter_pl

(minute) 63.5| 765 | 875 |183.0|223.7|258.1|274.0| 334.0| 380.4
SA_03,2_drone,inter_p2

(minute) 63.3| 76.5| 875 |180.7|221.4|254.6|270.0|329.3| 369.7
SA _03,2_drone,inter_p3

(minute) 63.3| 76.5| 87.5|180.2|219.9|252.2 | 268.1|323.2 | 367.8
SA_03,3_drone,inter_p0

(minute) 639 | 774 | 88.0|188.9|231.8|267.3|279.1| 346.5| 396.3
SA_03,3_drone,inter_pl

(minute) 63.5| 77.3| 875|180.1|2245|259.0|268.4|329.6 | 371.5
SA 03,3 _drone,inter_p2

(minute) 63.5| 77.3| 875|178.9|221.0|256.1|265.3|322.1|365.4
SA_03,3_drone,inter_p3

(minute) 63.4| 773 | 875|178.9|219.6 |253.5|264.8 | 319.0 | 359.8
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