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Abstract

With the current growth of e-commerce, the complexity of last-mile logistics has
become an essential field of study to improve customer satisfaction. Existing research has
primarily focused on integrating drones for delivery services largely neglecting pickup
services, thus leaving a critical gap in service needs related to parcel returns or combined
pickup and delivery. To fill this gap, this dissertation aims to integrate drones to assist
traditional last-mile logistics vehicles to form a truck-drone tandem with pickup/return and
delivery services. We develop mathematical models and employ tailored heuristic/meta-
heuristic methods to solve these complex problems. Furthermore, we conduct numerical
experiments to validate that our approaches concerning their capabilities to enhance service

efficiency in terms of total service time.

The first part of this dissertation focuses on introducing a drone to last-mile logistics
with delivery and return functions. In this model, a truck is responsible for delivering
parcels and collecting return parcels along its route while simultaneously deploying a drone
with a single payload for similar tasks. We formulate a mathematical model using mixed-
integer linear programming (MILP) along with a randomized greedy heuristic to solve
large instances. The results show that by introducing drones for both delivery and return
services, the system could save up to 24.4% in total service time, compared to the

traditional method with one truck only.

The second part of this dissertation extends the previous concept by incorporating

multiple payloads to a single drone. We formulate a mathematical model using MILP and



validate our approach with small-size instances. We also introduce a tailored heuristic, a
variant of Variable Neighborhood Search (VNS), to solve realistic-size instances within a
reasonable runtime. The results show that, when compared to a model where a drone can
carry only one payload at a time, increasing the drone capacity from one to multiple

payloads can reduce the total service time up to 18.3%.

The third part of this dissertation expands into medical last-mile logistics with
pickup and delivery services for distributing medications. The model consists of multiple
drones, each capable of handling multiple payloads, as sidekicks to a single truck. Unlike
our two previous problems where parcels are centralized at a single depot for delivery to
customers or returned after being picked up from customers, this approach allows for
parcels to be picked up from different locations and delivered to customers. Note that return
parcels are not allowed in this model, unlike in the first two parts of this dissertation. We
formulate a MILP model and conduct numerical experiments on realistically-sized
instances using a variant of the meta-heuristic Simulated Annealing (SA). The results show
that by introducing multiple drones with multiple payloads, we could save up to 30.2% of
total service time compared to the standard pickup and delivery problem with only one

truck.

In conclusion, the integration of drones as sidekicks in delivery and pickup/return
services can significantly reduce the total service time, illustrating a significant

improvement compared to traditional methods. The results reveal opportunities for further



exploration, such as the economic implications of these models and their scalability in

larger logistics networks.
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Chapter 1

Introduction

1.1 Background of the Problem

In the contemporary business environment, consumers can easily compare product
functions and prices, gain information, and share buying experiences with others (Melovi¢
et al., 2021). Consequently, the market has changed from producer-oriented to customer-
oriented, which is considered a key factor in enhancing the competitiveness of firms.
Therefore, the ability to respond to the customer's requirements is the critical success factor
for companies. Not only are product/service functionality and quality important, but the
management of logistics services is another issue that affects the relationship between
firms and their customers. According to Schramm-Klein and Morschett (2006) and Kirci
(2016), we can evaluate the performance of logistics service providers in terms of cost,
customer service, and logistics quality. This evaluation relies not only on the selection of
effective routes and cost considerations but also on customer satisfaction through on-time
delivery, responsiveness, and service quality. Superior logistics service quality is achieved
when a logistics provider meets or exceeds customer expectations in all three dimensions.
Thus, efficient logistics management can assist firms to reduce logistics costs while

enhancing customer service.

Logistics for online retail has become a key component of business operations.
Customers can easily purchase items online and receive them within a few days or less.

Online sales are projected to become 24 percent of global retail sales by 2026 (Coppola,
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2023). Furthermore, partly as a result of the coronavirus pandemic, since 2020, the growth
in online shopping sales for most retailers has skyrocketed compared to prior years (Troise,
2021). The increase in demand for online products has increased the demand for product
delivery directly to consumers. Therefore, customer responsiveness, particularly with
regard to delivery service quality and speed, has become a major concern in enhancing the
competitiveness of firms. For example, Amazon Prime Now (2018) is a benefit offered by
Amazon.com for its Amazon Prime members in selected cities. It offers 2-hour delivery
for certain products, intending to enhance customer satisfaction that derives from near-
instant gratification, in response to changing lifestyles in modern cities. A similar service
is offered by Google called Google Express (Meagher, 2018). Its benefits include free

same-day delivery, with a minimum order requirement.

Last-mile delivery contributes nearly 41 percent of total transportation costs (Jacob
et al., 2019), prompting logistics and online-retail companies to pursue more efficient
strategies for last-mile service. These include integrating trucks with scooters and
pedestrian couriers (Lin, 2011), implementing automated delivery stations (Oliveira et al.,
2017), deploying truck-based autonomous robots (Boysen et al., 2018), utilizing parcel
lockers (Vakulenko et al. 2018), employing autonomous vehicles with pickup stations
(Ulmer and Streng, 2019), and utilizing autonomous ground vehicles, semi-autonomous
ground vehicles, droids, drones, as well as bicycle and e-bicycle couriers (Joerss et al.,
2016; Carracedo and Mostofi, 2022; D’hondt et al., 2022). The most convincing of these
proposals is the use of drones for last-mile delivery, offering potential operational cost

savings and reduced delivery times since drones operate autonomously and are not

17



hindered by road traffic (Insider Intelligence, 2022; Tavana, 2017). According to
Rodrigues et al. (2022), using drones to deliver small parcels is more cost-effective and
time-efficient than traditional truck-only methods. Furthermore, they also find that drones
are more eco-friendly, reducing carbon emissions by up to 94 percent when compared to
trucks. Well-known companies such as Amazon, DHL, and Alibaba have conducted
research into the potential use of drones for last-mile delivery (Boysen et al., 2021). Even
though these concepts are still in the experimental stage, there is great anticipation for the

transformative potential of drones in last-mile delivery services.

Present drone-delivery prototypes can usually handle single package deliveries and
are limited to delivery services only, restricted by battery life and fixed launch and
rendezvous locations. However, the rise in e-commerce activities has precipitated a
significant increase in the demand for customer return services. According to Reagan
(2019), online consumers return from 15 to 40 percent of their purchases. For instance, in
2016, UPS in the United States processed 1.3 million returned parcels from online sales
(Hyken, 2016), and this figure is projected to grow with the continued expansion of e-
commerce. Most returned parcels are still returned in conventional ways, where customers
send them from post offices or drop them off at designated locations. Dennis (2017)
revealed that American consumers return between 25 to 40 percent of goods to stores,
taking advantage of free return policies. This behavior is common among customers who
purchase several similar items online, choose their preferred one, and return the rest to
stores. Although these returns are free for the customers, they do involve time, effort, and

potentially travel expenses. Additionally, these extra trips for returns have an adverse
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environmental impact, especially in the United States where customers typically drive to
return locations. Offering a free-return policy may enhance a firm’s revenue, despite the
additional shipping costs incurred. The evidence from Hufford (2017) shows that stores
providing free return policies are more likely to attract customers than those that do not
offer free shipping for returns. Similarly, Freling (2016) mentioned that lenient return
policies could boost a firm’s revenue, as customers are encouraged to buy more during
sales events, knowing they have the option to return items later. This implies that
innovative logistics services that include delivery and return parcel services could be a key

success factor in enhancing the value of customer service.

Planning the delivery route for these new services that include delivery, pickup,
multiple vehicle types, and coordination between the vehicles presents a challenge. The
traditional approach for the single-vehicle parcel delivery problem is a well-known
optimization problem known as the Traveling Salesman Problem (TSP). Its objective is to
find the shortest circuit with the constraint that the delivery truck visits each customer once.
Recently, this problem has been extended to include drone-assisted parcel delivery. Drones
can access some customers faster than a truck and serve as an auxiliary to the truck.
Utilizing a delivery truck in conjunction with one or more drones (which can be launched
from and received at the truck whenever it stops) could reduce the overall total delivery
time. Murray and Chu (2015), in a landmark paper, aimed to integrate drone-assisted parcel
delivery with traditional delivery trucks. They termed their model for this system the Flying
Sidekick Traveling Salesman Problem (FSTSP). They posited that using drone delivery

would expedite customer orders, thus enhancing service quality. Figure 1 presents the
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optimal route for a 10-customer scenario using the TSP (a) and the FSTSP (b),
demonstrating superior performance in total service time of the FSTSP, compared to the
TSP. However, one underlying assumption of this model is that after each delivery, the
drone always returns empty to rendezvous with the truck immediately. This implies that
drone utilization and total service time could potentially be improved by considering parcel
pickups (for returns), or combined pickup and delivery services, or drones capable of

making multiple stops. In this dissertation, those alternatives are explored in detail.
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Figure 1 Optimal routes of TSP vs FSTSP for 10 customers

1.2 First Research Objective and Contributions
The first research objective of this dissertation is to explore the potential of reducing

total service time by extending Murray and Chu (2015)’s model to distinguish customers
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into two types; delivery and return. Our hypothesis is that by distinguishing customers into
two types, the drone can serve more customers, thereby increasing the drone’s efficiency.
This is possible since the drone can pick up a return parcel after completing a delivery
service to prevent rendezvousing with the truck with an empty payload, resulting in better
utilization and, potentially, total service time savings. This research provides the following
contributions to the last-mile logistics research field.

e We consider return tasks to improve payload efficiency while increasing customer
satisfaction. The traditional FSTSP does not use a drone’s payload capacity to its
full capability since returns are not considered. The drone always rendezvouses
with the truck with an empty payload. By considering return tasks, we can increase
the drone utilization as well as improve customer satisfaction since return
customers can be served in this model.

e We explore the benefits of distinguishing customer types: delivery and return
customers. Specifically, we conduct experiments to determine the advantage of
such a model against one that does not distinguish customer types. We also explore
the effects of the proportion of return customers, drone endurance, and drone speed
among total customers.

e We formulate a mathematical model using MILP by extending the FSTSP model
to allow the drone to perform pickup and delivery functions in the same sortie. We
also tackle the runtime issues with the MILP on large-size instances by developing
a dedicated greedy heuristic to solve large-size instances within a reasonable

runtime.

1.3 Second Research Objective and Contributions
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In the second research objective, we extend our exploration from the first objective

by allowing the drone to carry multiple payloads at a time. Our hypothesis is that multiple

payloads will have effects on both the total service time savings and the total truck travel

time. The contributions of this chapter are as follows.

We conduct experiments to determine the advantage of having one drone with
multiple payloads versus multiple drones with a single payload under the same
circumstances.

We explore combined total service time savings of considering multiple
payloads and return customers. Since this proposed model is derived from the
standard FSTSP and TSP models, we compare our solutions with these to assess
the improved performance in terms of total service time and total truck travel
time (a proxy for total emissions) savings when considering multiple payloads
and return customers.

We introduce valid inequalities to the FSTSP model, an NP-hard problem, to
substantially reduce the runtime of the mathematical model.

We develop a variant of the Variable Neighborhood Search (VNS) meta-
heuristic, a well-suited algorithm for combinatorial problems, to solve instances
of reasonable size while we provide a mathematical model to support our

heuristics approach as benchmarks with small-size instances.

1.4 Third Research Objective and Contributions

The third research objective is to explore the potential of using drones as sidekicks

in medication pickup and delivery functions and show that integrating drones into last-mile
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medical logistics with pickup and delivery functions significantly reduces total service time
compared to the standard method, trucks only. In principle, pickup functions, which are
not present in the first and second research objectives, slightly differ from return functions.
Rather than directing all return parcels back to a depot, we require each medication parcel
to be picked up from a pharmacy/depot and delivered to its respective patient at a different
location. Since the model is designed for medical logistics, we also consider time windows
for each parcel to be picked up and delivered to ensure that important prescriptions are
going to arrive at patient door on time. This research provides the following contributions
to the last-mile logistics research field.

e We formulate an MILP formulation that is the first in the logistics literature that
considers one truck with multiple drones with multiple payloads integrating pickup
and delivery functions with time windows.

e We devise a Simulated Annealing, meta-heuristic to solve realistic-size instances,
while benchmarking with exact solutions for small instances.

e  We compare solutions to a similar problem with only a truck to assess the improved
performance in terms of total service time savings when considering multiple
drones and/or payloads.

e We distinguish parcels into two types, prescription and non-prescription, which
require different preparation and delivery times. We also explore the effects of
having different proportions of prescription and non-prescription orders on total

service time savings.
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The remainder of this dissertation is organized as follows. In Chapter 2, the related
literature of last-mile logistics is reviewed. The first, second, and third objectives are
developed and analyzed in Chapters 3 through 5, respectively. Finally, the conclusions and

future research directions are presented in Chapter 6.
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Chapter 2

Literature Review

The surveys of Otto et al. (2018), Macrina et al. (2020), and Zhang et al. (2024)
give comprehensive reviews of the truck and drone cooperative delivery problem, covering
various types of truck and drone delivery problems, including the few pickup and backhaul
problems that have been addressed in the literature. Therefore, in this chapter, we have
divided relevant literature into five sections. The first section addresses the vehicle routing
problem, incorporating pickups and deliveries, along with its variants. The second section
focuses on the FSTSP involving only the delivery function. The third section focuses on
the Multiple Flying Sidekick Traveling Salesman Problem (MFSTSP) involving only the
delivery function. The fourth section presents the FSTSP with both pickup and delivery

functions. Finally, drone-based medical delivery logistics are presented in the last section.

2.1 Vehicle Routing Problem with Pickups and Deliveries

There exists a comprehensive body of literature on pickup and delivery problems.
Parragh et al. (2008a, 2008b) categorize this literature into two main types. The first is the
Vehicle Routing Problem with Backhauls, which involves the transportation of goods or
parcels from a depot to customers, with goods also being picked up from customers for
return to the depot. The second is the Vehicle Routing Problem with Pickups and Deliveries
(VRPPD), where goods or passengers are transported between pickup and delivery

locations. For more detailed insights into the class definitions, classifications,
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mathematical formulations, and solution methods, we recommend Parragh et al. (2008a,
2008b), Lahyani et al. (2015), Sathya and Muthukumaravel (2015), Ko¢ and Laporte
(2018), Castro et al. (2019) and Kog et al. (2020). According to these surveys, the Pickup
and Delivery Traveling Salesman Problem (PDTSP) for both single and multiple vehicles
is classified as a subclass of the VRPPD. The PDTSP has been extended to various types
of vehicles, including combined operations with trucks and auxiliary vehicles to enhance
the truck’s capabilities, such as scooters, truck-based autonomous robots, autonomous
ground vehicles, semi-autonomous ground vehicles, droids, drones, bike, and e-bike
couriers, etc. Lin (2011) approached this problem by integrating delivery trucks with
scooters and couriers on foot. The goal is to minimize the total cost and to deliver pickup
parcels to the depot with time windows. Furthermore, scooters and couriers on foot must
rendezvous with a truck before returning to the depot. Boysen et al. (2018) tackled this
problem from a different angle, proposing scheduled last-mile deliveries with truck-based
autonomous robots. These trucks transport parcels to a warehouse, from where robots
distribute the parcels to customers in the designated area. After delivery, the robots
autonomously return to the warehouse. The aspect of Lin (2011) and Boysen et al. (2018)
pertinent to this dissertation is the examination of how various types of vehicles can operate

independently while delivering and picking up parcels from designated locations.

2.2 Flying Sidekick Traveling Salesman Problem with Delivery Service
Murray and Chu (2015) proposed the landmark concept of the FSTSP by combining
a drone with a truck by carrying the drone on a truck, forming a tandem team. Here, the

truck acts as a mobile depot; therefore, a drone can be considered a ‘sidekick’ to the truck.
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This strategy saves service time for trucks and increases the number of customers who can
be served in a certain amount of time. They formulated the FSTSP as a mixed-integer
program focusing on minimizing the total service time. Based on their results, this approach
improves the total service time of the system. Their model is based on the following
assumptions: the drone has access only to some customers, the drone has unlimited
capacity but can only carry a single parcel at a time, with limited endurance for each flight,
and the battery can be replaced immediately by the truck driver to eliminate the reduction

in battery capacity.

Agatz et al. (2018) proposed the combined use of a truck and a drone for parcel
delivery called the Traveling Salesman Problem with Drones (TSP-D). The key distinction
between the FSTSP and the TSP-D lies in the fact that the TSP-D allows a drone sortie to
launch and rendezvous at the same location, a flexibility not available in the FSTSP. Aside
from this, all other assumptions remain identical. The contribution is based on a new
integer programming model to minimize operational costs. Two heuristic algorithms were
proposed: a fast route-first-cluster-second heuristic based on a local search using a greedy
partitioning heuristic, and an exact partitioning algorithm based on dynamic programming.
They also showed that their proposed heuristic approaches outperformed the proposed

heuristics of Murray and Chu (2015).

Yurek and Ozmutlu (2018) proposed a similar FSTSP model by providing an MILP
model that minimizes delivery completion time, which includes waiting time, rather than

considering delivery time only. A new heuristic algorithm, based on a decomposition

27



approach, was proposed by decomposing the problem into two stages; a heuristic for a
truck solution and an exact method for a drone solution. In addition, Campuzano et al.
(2023) proposed a mathematical model for the TSP-D, with a single truck and a single
drone. Their goal is to minimize the total completion time and the duration of drone round
trips. Marinelli et al. (2017) also proposed a greedy heuristic based on the Greedy
Randomized Adaptive Search Procedure for cases where a truck can launch and pick up a
drone along a truck route arc instead of at a node, named the en-route approach to maximize
the drone usage in parcel delivery. A similar approach was employed by Ha et al. (2018).
They proposed another variant of the FSTSP with the objective to minimize operational
costs instead of completion time. They also considered waiting cost during the rendezvous
process where either the truck or drone has to wait for one another at each customer location

and then used two heuristics to solve the problem.

Some researchers focused on improving the runtimes and solution gaps by
proposing more tailored heuristics for the FSTSP. For example, Ponza (2016) applied the
Simulated Annealing (SA) meta-heuristic to the FSTSP. This algorithm tries to move
customers from a truck route to a drone route. However, the difference that separates this
algorithm from the others is the allowance for infeasible moves, which can prevent the
algorithm from getting stuck in local optima. Freitas and Penna (2018) created an initial
solution from the optimal TSP solution and then implement the Randomized Variable
Neighborhood Descent heuristic for local search to obtain a near-optimal solution. They
also proposed the better version of their algorithm in Freitas and Penna (2020) using the

Hybrid General Variable Neighborhood Search Algorithm (HGVNS). This algorithm
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consists of seven possible moves in each iteration and has the highest number of moves
compared to other approaches in the FSTSP research field. The HGVNS algorithm can be
divided into three major steps, which are: creating an initial solution, general variable
neighborhood search, and randomized variable neighborhood search. Note that they use
the original FSTSP heuristic from Murray and Chu (2015) to generate an initial solution.
After the initial solution is obtained, a random customer from the solution neighborhood is
selected for the randomized variable neighborhood search where the local search begins
with all seven possible moves. Then, the algorithm updates the best solution and proceeds
with the general variable neighborhood search and the randomized variable neighborhood
search again until the termination criterion is met. This means HGVNS can always obtain
the same or better solutions compared with the FSTSP heuristic from Murray and Chu
(2015) since HGVNS uses the FSTSP heuristic as the initial solution. Moreover, the
authors also mentioned that HGVNS outperformed the SA proposed by Ponza (2016) with
the same data sets in terms of running time and solution optimality gaps. Lastly, Gonzalez-
R et al. (2020) proposed a model called truck-drone team logistic, similar to the FSTSP
model. The model consists of one truck and one drone with capability of performing
multiple stops per sortie. They used mixed integer programming and a branch-and-cut

algorithm with a heuristic approach to solve the problem.

2.3 Multiple Flying Sidekick Traveling Salesman Problem
Ferrandez et al. (2016) proposed a single truck and multiple drones for parcel
delivery focusing on minimizing total service time and total drone sorties. The major

contribution is in the solution approach. They used the technique of K-means clustering to

29



determine the launch locations of the drone under delivery time minimization while using
a genetic algorithm to find the truck route between the launch locations. Wang et al. (2017)
proposed the synchronization of multiple trucks and multiple drones with parallel parcel
delivery operations, which can reduce total service time with respect to truck-only delivery.
The main contribution is deriving worst-case scenarios of total service time considering
the number of drones per truck and the speed of the drones relative to the speed of the truck
by using a heuristic method. Another approach was proposed by Chang and Lee (2018)
with the objective of determining delivery routes for truck and drone delivery areas
minimizing the total delivery time. They grouped delivery locations into several drone
delivery clusters by employing the K-means clustering technique and used the TSP to
determine a truck delivery path between the centers of the clusters. Then, they employed
nonlinear programming to determine the shift weights for shifting the truck route to the
center of clusters to increase the drone delivery areas with a shorter truck route, resulting
in the reduction of total delivery time. Tavana et al. (2017) considered cross-docking
between the fleets of drones and trucks to enable multiple goods delivery. They focused on
the capacity of trucks and drones with the objective of reducing the total cost of shipping
from the supplier to customers by employing cross docking. Murray and Raj (2020)
proposed another model with one truck and multiple drones implementing the concept of
queueing the drones in both the launch and retrieval steps as a scheduling problem. Their
objective is to minimize total service time. They also further explored their model with the
two following scenarios: 1) considering no truck driver’s interaction with drones at the
depot with the launching and rendezvous processes, and 2) permitting the driver to carry

out deliveries as drones are deployed or retrieved automatically by the truck. Then, Raj and
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Murray (2020) extended the model by exploring the effects of multiple drone speeds for
different payload weights. Sacramento et al. (2019) and Lei (2022) extended the FSTSP
model into Vehicle Routing with Drones by considering multiple capacitated trucks where
minimizing cost is the objective function. Moshref-Javadi et al. (2020a) also proposed a
sidekick problem with one truck and multiple drones. They focused on reducing the wait
time of customers instead of minimizing total service time. Moshref-Javadi et al. (2020b)
extended their previous proposed model to allow the drones to rendezvous with the truck
at the same launch location. Thus, the truck can act as a mobile depot and launch the drones
multiple times until all customers in the drone range are served. Also, Bruni et al. (2022)
provided another approach to solving one truck with the multi-drone model from Moshref-
Javadi et al. (2020b) by using a logic-based Benders decomposition method.
Kitjacharoenchai et al. (2019) proposed a model with multiple trucks and drones with a
single payload capacity. The model focuses on minimizing the total service time. The
interesting part is that each drone does not have a dedicated truck, which means more
flexibility for the drone resulting in better service time savings since it can rendezvous with
any nearby trucks. Tamke and Buscher (2023) introduced a mathematical model for drone-
assisted delivery with multiple trucks and drones, aiming to minimize total operational
costs. However, each truck is paired with a dedicated drone. They found that additional
energy costs due to changing drone speeds are largely negligible, indicating a different
perspective on operational cost considerations. Luo et al. (2021) proposed an MILP model
with one truck and multiple drones with multiple stops. They also proposed a multi-start
tabu search heuristic for solving larger-size instances. Their goal is to minimize the total

service time. However, their model does not have scheduling constraints from preventing
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multiple drones from launching or rendezvous with the truck at the same time, unlike
Murray and Raj (2020). Luo et al. (2022) and Mulumba et al. (2023) proposed pickup and
delivery problems incorporating multiple trucks and drones. However, in both models,
each truck is paired with a dedicated drone, thus their models consist of parallel single
truck and drone problems. Additionally, both models focus on minimizing costs without
considering time windows. The difference between these two models is that Luo et al.
(2022) consider drones with multiple payloads, while Mulumba et al. (2023) consider
drones with a single payload. Finally, Poikonen and Golden (2020) proposed a A-multi-
visit drone delivery model consisting of one truck and multiple drones. In this model, each

drone can perform multiple stops.

2.4 Flying Sidekick Traveling Salesman Problem: Pickup and Delivery Services
While a significant amount of research has been conducted in the field of drone-
assisted logistics, the consideration of combined return/pickup and delivery services within
a singular logistical framework has been very limited. Ham (2018) considered multiple
trucks and drones for last-mile delivery with two depots. He applied a constraint
programming approach with the goal of minimizing total service time. In this problem, the
drone’s tasks are assigned as delivery or pickup. However, the drones could be launched
only from the depots, not the trucks. The drones in his model can perform delivery only,
or delivery and pickup on the same flight, whereas trucks only perform delivery services.
Karak and Abdelghany (2019) proposed a hybrid vehicle-drone routing model with one
truck and multiple drones. They formulated the model as a mixed-integer program to

minimize the vehicle-drone routing cost. However, they considered a truck as only a carrier

32



of drones and packages, that is, the truck cannot have any direct interaction with customers.
Moreover, drones can only be launched at designated stations rather than from customer
locations or the depot. Also, they minimized operational cost, while our objective function
is to minimize service time. Lu et al. (2022b) proposed a vehicle-drone routing model for
humanitarian logistics with pickup and delivery. The goal is to minimize total service time
and maximize delivered parcels. They considered multiple trucks and drones where each
drone can perform multiple visits in each sortie. However, unlike in our proposed
problems, the drones in their scenario are limited to performing only delivery tasks, while
the trucks have the capability to perform both delivery and pickup tasks. Gacal et al. (2020)
proposed a delivery and return problem consisting of one truck and one drone, with the
goal to minimize costs while serving all customers. However, they only solved small-size
instances, 10 nodes, without proposing a method for solving realistic-size instances.
Additionally, the drone in their work can carry only one parcel at a time, while we allow
for multiple payloads in our second and third research thrusts. Furthermore, their model

does not allow a customer to request both delivery and return services.

2.5 Drone-Based Medical Delivery Logistic

Medical delivery systems play a crucial role in the healthcare industry, particularly
concerning efficient and timely transportation of medical supplies or patients themselves.
The area of last-mile optimization has been a subject of interest for researchers and
practitioners alike, with applications spanning a wide range of healthcare domains. It is
especially prominent in the context of chronic disease management, where regular and

frequent delivery of medication and medical supplies is crucial. Several studies have been
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conducted to optimize delivery and pickup systems in medical applications. For example,
Qu and Bard (2013) proposed a fleet-based model for pickup and delivery services of the
elderly with vans from certain facilities to other facilities, while minimizing costs and
travel time for each patient. Zabinsky et al. (2019) and Herrera et al. (2021) proposed
pickup and delivery models with time windows for medical specimen and pharmaceutical
product transportation, respectively, using fleets of vehicles. Herrera et al. (2021) used a
fleet of vans to distribute supplies of medicines and other pharmaceutical products where
each parcel had its time window. The goal is to minimize the total penalty costs, while
considering soft time windows. That is, late penalties will be applied if one or more parcels

arrive at their destinations late.

The utilization of drones for medical delivery has gradually gained attention in both
research and practical application. Ackerman and Koziol (2019) and McCall (2019)
highlighted the successful implementation of drone logistics by Zipline, a company that
specializes in delivering medical supplies to rural areas, especially in Africa. In academic
research, Kim et al. (2017) proposed a pickup and delivery model for the delivery of
medication and test kits and pickup of samples from patients with chronic diseases using
drones only. Their objective was not only to minimize the operating cost of the drones, but
also to strategically plan the number of drone center locations, taking into account the
limited-service coverage area caused by the drone battery capacity limitations. Shi et al.
(2022) and Ghelichi et al. (2021) proposed drone-based models for delivering medication
services. The goal, in both, is to minimize the total service time of each drone sortie. An

interesting part of Shi et al. (2022) is that the drones have fixed coverage service areas due
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to the drone’s battery capacity and have to stop at nearby charging stations before arriving
at each customer. Therefore, their model requires installing charging infrastructure in
remote locations. Zubin et al. (2020) considered a combined truck-and-drone model for
medical product delivery service with total cost minimization. However, the drone is

stationed at the depot and not synchronized with the trucks.

In summary, there is a serious research gap concerning the coordinated planning of
parcel pickup/return and delivery employing drone-truck tandems. In many existing
models, drones are often stationary and launched from fixed bases or depots, limiting their
flexibility and efficiency in the delivery process. Furthermore, many studies have
considered only delivery operations, neglecting the equally important aspect of pickup
operations. Yet, this situation is one that should be expected in many last-mile delivery

scenarios where both operational efficiency and environmental sustainability are targeted.
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Chapter 3

Flying Sidekick Traveling Salesman Problem with Integrated Pickup

and Delivery

3.1 Introduction

Chapter 2 showed that most studies on the FSTSP primarily focus on parcel
delivery, often overlooking combined delivery-pickup operations. Merging these services
could minimize overall transportation time, rather than considering them as separate tasks.
Furthermore, this integrated service could boost customer satisfaction by removing the

necessity for customers to visit a designated return location.

In this chapter, we present a new problem called the Flying Sidekick Traveling
Salesman Problem with Pickup and Delivery (FSTSP-PD). We aim to integrate delivery
and pickup tasks in the synchronization of a single truck and a single drone. This
proposition responds to our first research hypothesis that the deployment of a drone for
both delivery and pickup tasks within a single flight can enhance overall service time
savings, outperforming both the TSP and the FSTSP, by Murray and Chu (2015). Our
model includes two classes of customers: customers receiving parcels and customers
returning them (a customer could be in both classes). The drone has three potential
functions to perform during each sortie: delivery only, pickup only, or delivery and pickup.
For the first function, delivery only, the drone is launched from the truck with a parcel to

deliver to a customer. The drone then flies back to rendezvous with the truck. For the
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second function, pickup only, the drone is launched from the truck empty to pick up a
parcel from a customer. It then flies back to rendezvous with the truck. Lastly, the delivery
and pickup function is a combination of delivery-only and pickup-only functions. Due to
its 1-parcel capacity, the delivery function must be completed first before the drone initiates
the pickup function. Therefore, the drone does not only carry out delivery operations (as

assumed in Murray and Chu (2015)).

The proposed concept is illustrated in Figure 2. It shows that the total service time
is reduced by 7.1% compared to the standard FSTSP in Figure 1(b). In other words, by
distinguishing customers into return and delivery groups, we can reduce the total service
time further. Note that the drone network is not the same as the truck network due to the
limitation that some customers may not have enough space to receive services from drones,
for example, those living in apartments or condominiums. Therefore, the drone network is

a subset of the truck network.

The mathematical model for the problem described here is formulated as a MILP
in Section 3.2. Then, experimental results of the proposed MILP model on 10-customer
instances can be found in Section 3.3. In addition, in Section 3.4, we propose a dedicated
greedy heuristic that achieves near-optimal solutions to large-size instances, which the
MILP cannot solve in a reasonable time. We evaluate our heuristic and perform stress-tests
on large-size instances in Section 3.5. Then, the conclusion for this chapter is presented in

Section 3.6.
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Figure 2 An example of FSTSP-PD route

3.2 Mathematical Model for the Flying Sidekick Traveling Salesman Problem with

Pickup and Delivery

A mixed-integer programming model, based on Murray and Chu (2015)’s model,
with additional constraints to handle pickup and delivery-pickup operations by the drone

is formulated. Below, we present the model’s assumptions, notation, and detailed

formulation, in that sequence.

3.2.1 Assumptions and Notation
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1)

2)

3)

4)

5)

6)

7)

8)

9)

10)

11)

12)

There is one truck, one drone, and one depot. Therefore, the starting location
(at the depot) must be the same as the ending location.

The speed of the truck and the drone are given.

The capacity of the truck is unlimited.

The drone can only carry one parcel at a time.

The drone can only serve a subset of customers due to considerations such as
weight, security, and handling of certain parcels (for both return and delivery).
Around 90% of parcels in a logistics system can be delivered/returned by
drone (Guglielmo, 2013).

The battery of the drone is replaced by the truck driver after each sortie. That
is, for each drone flight from the truck, the drone battery is fully charged.
All customers must be served by either the drone or the truck.

The model focuses on minimizing total service time, that is, the time it takes
to serve all customers and for the truck (and drone) to return to the depot.
The drone can depart or rendezvous with the truck at any customer location
or at the depot.

If the drone arrives at the rendezvous point before the truck, it must hover
until the truck comes. Hovering consumes the battery at the same rate as
traveling.

The drone must leave customer locations immediately after picking up or
delivering parcels.

The drone must leave before the truck leaves at any customer location, this

does not apply at the depot.
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The notation, sets, parameters, and decision variables used in the proposed

mathematical model are presented as following.

Definition of sets

N: All nodes

Ny: All nodes except the final location

N,: All nodes except the starting location

C: All customers

C': All drone eligible customers

D: All customers who request delivery service

D" All drone eligible customers who request delivery service
R: All customers who request return service

R": All drone eligible customers who request return service

Definition of parameters

Ty Truck travel time from location i to j where (i, j) € N, Manhattan distance
T Drone travel time from location i to j where (i, j) € N, Euclidean distance
Sg: Drone retrieval time at any rendezvous location in N,

Sp: Drone launch time at any launch location in N,

en: Maximum endurance time for each drone sortie

M;: A large number, greater than the largest possible service time

c: The total number of customers
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Definition of decision variables

xl-j:

Vijrk*

Dij:

Indicates whether the truck travels along arc (i,j) € N
where i # j

Indicates whether the drone travels from arcs i - j = r —
k where (i,k) € N and (j,r) € C' where i # j,r, k and
k+jr

Departure time of the truck at location i € N

Departure time of the drone at location i € N

Indicates whether the drone is ready to create a new sortie
at location j € N

Indicates the sequence of being served of customer i € N
Indicates whether customer i € N is served before

customer j € N

3.2.2 Mathematical Model

Objective  Min t 44

Constraints

Flow balance constraints

in]"l‘zzzyijrk:l ;VjED

iENO iENO rec kEN+
iEN, {ENy JEC KEN,

41

Binary

Binary

Continuous

Continuous

Binary

Integer

Binary

(1)

)
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ZZZyijrk=0 ;ViED\D":j#r 4)

iENO rec k€N+

ZZ z Yiirk =0 ;Vr € R\R":T #j

iENy jEC KEN, 5)
Z Z YVijrk =0 ;VjED\D’,‘I"ER\R’ 6)
iENy kKEN,
z Xoj + z Xor + Xgc41 =1 )
JED TER

réD
Z Xjc+1 + Z Xrc+1 = 1
jED TER (8)

réD

iEN, KEN,

JEC TEC kKEN,

{eN, jec rec
2Yijri < z Xpi + z X1k
REN, leC (12)

;Viel,jelC,reCkeNk+i

heN,

Miller-Tucker-Zemlin constraints (MTZ)

w—uz21-(c+2)(1- Zzyijrk) (14)

J€EC rec
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;VieC ke N k+#1i
w—u=1—-(c+2)p;; ;VieC,jeC:j+i
w—w < —1+(+2)(1—py) ;ViECjEC:+i
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pij €{0,1} ;VieC,jeEC:j+i
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Time constraints
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Valid inequality

tepr = Z Z Z Z (xijTij + Yijri(Sr + S1) + YojrieSL

iEN JEN TEC kEN,

i#0 (39)

+ ijTOj)

3.2.3 Model Definition

The objective function (1) is to minimize the arrival time of the truck to the depot,
without considering the arrival time of the drone since both arrival times are synchronized
by constraints (23) and (24). The first (2) and the second constraints (3) force either the
truck or the drone to serve customers in sets D and R, respectively. The truck is forced to
depart and arrive at the depot by constraints (7) and (8). Constraint (9) guarantees that the
truck must depart from each customer location after service. To ensure there is no sub-tour
in the truck path, constraints (19) and (20) use the ranking system. This system utilizes u;,
where i € N, to indicate the order of served customers, thereby eliminating all possible

truck sub-tours.

On the drone side, constraints (4), (5) and (6) make the drone path applicable only
to customers in sets of D' and R’. Constraints (10) and (11) are used to allow the drone to
be launched or rendezvous with the truck from every customer location and the depot, at
most once per location. Constraint (12) ensure that the truck will be at location k, the
rendezvous location, to retrieve the drone after the drone launches from the truck at location
i. However, constraint (12) is activated only when the drone is launched from a customer

location. Therefore, we have constraint (13), which will trigger when the drone is launched
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from the depot and will be retrieved at location k. Still, with just those constraints, there
would be a chance that the truck might visit customer k before customer i. Therefore,
constraint (14) forces the truck to visit customer i before visiting customer k by using u;
and p;; to determine the order that the truck visits customers, which are controlled by
constraints (15), (16), (17), (18), and (34). When the order of customers is determined,
constraint (25) will ensure that if there is a drone launched at location i, the time lag of
setting up the drone (S;) at customer h will be added to t; and t;. Likewise, if a drone needs

to be picked up at location k, the retrieval time (Sg) is added to t; and t.

As mentioned in the assumptions, the drone can arrive at the rendezvous location
before the truck, but it must hover until the truck arrives. Therefore, both the truck and the
drone have the same arrival time. Constraints (23) and (24) ensure that this happens; the
drone that rendezvouses with the truck at location k must have the same arrival time as the
truck. Likewise, constraints (21) and (22) force the drone that leaves the truck at location i
to have the same departure time as the truck. Constraints (26) - (28) add to the travel time
when the drone travels from i = j = r — k. Also, Si is added in constraint (28) since the
drone needs the truck driver to retrieve it, to complete the process of a drone flight.
Furthermore, the drone has limited battery capacity. Constraints (29) and (30) ensure that
the drone launched from customer i to k flies within the limited endurance of en. To
prevent launching the drone without having a drone available inside the truck, constraint
(31) forces the drone to move to the rendezvous point with the truck before being launched
for a new trip. Constraints (32) and (33) set the times of the drone and the truck to start at

zero at the starting depot while constraints (37) and (38) set the lower bound of the time
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variables. Lastly, constraint (39) acts as a valid inequality to improve the lower bound by
forcing the objective value to be at least equal to the actual truck path (including drone
launch and retrieval times). Without, constraint (39), Big-M constraints will make the
lower bound equal to zero even though there is a truck path serving all customers without

launching any drone. Adding this constraint, therefore improves the MILP’s running time.

The performance of the proposed model is assessed based on the numerical
examples presented in Murray and Chu (2015). The difference here is that customers are
separated into two groups (delivery and pickup, with some customers in both) and the

potential tasks of the drone operation are as stated in the assumptions.

3.3 Experimental Results

To assess the performance of the proposed model in terms of total service time, and
to compare it with delivery-only models, we conduct extensive numerical experiments. We
focus on the impact of three model parameters on total service time, namely: 1) number
(proportion) of pickup customers, 2) drone endurance, and 3) speed of the drone. The
proposed model represents an NP-hard problem, as it is an extension of the TSP. The
resulting running times for instances of more than 10 customers to achieve optimality often
exceed 24 hours. Therefore, we perform sensitivity analysis with the MILP model on 10-
customer instances, provided by Murray and Chu (2015). We conduct the numerical
experiments on a desktop PC with an Intel Xeon E5-1650 3.5 GHz processor and 64 GB
RAM in 64-bit mode. To solve the MILP model, we implement it using the CPLEX API

version 12.8 in Python version 3.6.
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In each experiment, we solve each instance using three approaches: as a standard
TSP, with Murray and Chu (2015)’s FSTSP formulation, and finally, using the FSTSP-PD
model described in Section 3.2. In short, the TSP and the FSTSP are treated as benchmarks
for the FSTSP-PD. The performance measure we use is the percentage of savings in the
total service time of the system relative to the benchmarks. While the TSP and the FSTSP
are not designed to handle pickup customers, we can effectively let those formulations treat
all customers as delivery-only customers, for the purposes of comparing performance. In
fact, both of those models can be used for pickup and delivery, except that they would not
use the additional information of customer types. Specifically, for the TSP with a single
truck only, the truck can do either delivery only, pickup only, or delivery and pickup at the
same customer. For the FSTSP, the operations performed by the drone can be: delivery
only, pickup only, and delivery-pickup from the same customer. Then, the drone has to fly
back to the truck at the designated rendezvous. The FSTSP-PD has the same operations as
the FSTSP except that it can allow for the additional task of delivery-pickup from two
different customers. This enables the truck to potentially have fewer stops due to more

customers being served by the drone.

3.3.1 Number of Pickup Customers
We set the number of pickup customers for this experiment at 0, 1, 2, 3, and 4. For
each of these cases, we use the twelve data sets used by Murray and Chu (2015), which

gives us enough data for statistical inference. We set the endurance of the drone at 20
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minutes, Sp = 1, S, = 1, and the speeds of the drone and truck at 35 mph and 25 mph,

respectively. Recall the capacity of the drone is 1.

As in Murray and Chu (2015), we let 80-90% of customers, selected uniformly at
random, be eligible for drone service. Intuitively, to maximize drone utilization in the
system, drones should visit a pickup and a delivery customer on each trip. Therefore, one
might imagine that dividing drone-enabled customers into 4 delivery customers and 4
pickup customers should garner the greatest time savings; however, we will show this is
not necessarily true. The reason that we consider only up to 4 pickup customers is because
having more than 4 results in cases almost equivalent to those already considered. For
example, if there are 8 drone-enabled customers, having 3 pickup customers with 5 delivery
customers would be (nearly) equivalent to having 5 pickup customers with 3 delivery

customers.

The results for this experiment are presented in Table 1. These results reveal that
the proposed model, the FSTSP-PD, outperforms the TSP and the FSTSP in terms of total
service time savings with respect to the TSP and the FSTSP by an average (mean) of 18.1
- 19.6% and 2.5 - 4.6%, respectively, when at least one pickup customer is included. This
implies that differentiating the pickup service has the potential to reduce total service time

when compared to treating all services as deliveries.
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Table 1 Service time improvement of FSTSP-PD with respect to TSP and FSTSP, with

constant drone endurance and truck and drone speeds over 12 data sets

Number of Percentage of total service time savings of FSTSP-PD over
pickup Standard TSP FSTSP
customers Mean Maximum Mean Maximum
0 16.2 34.9 0.0 0.0

1 18.1 423 2.5 11.4

2 19.1 43.7 3.9 13.5

3 18.9 43.7 3.6 13.5

4 19.6 43.7 4.6 20.8

3.3.2 Drone Endurance

In the second experiment, we use the same 12 instances as in Section 3.3.1, along
with the same launch and retrieval times for the drone (S; and S = 1) and the same
number of pickup customers, that is 0, 1, 2, 3, and 4. However, in this case, we test drone
endurance at two levels, 20 and 40 minutes, with constant drone- and truck- speeds of 35
mph and 25 mph, respectively. The results are presented in Table 2. For a 20-minute drone
endurance, the results are those presented in Section 3.3.1. For a 40-minute drone
endurance, the results reveal percentage savings in the total service time of the FSTSP-PD
with respect to the TSP and the FSTSP of 22.8 - 24.4% and 4.3 - 6.3%, on the average

(mean) respectively, when at least one pickup customer is included.

We are interested in determining whether drone endurance or the number of pickup
customers has a more significant effect on FSTSP-PD’s improvements in total service time.

Hence, we perform analysis of variance (ANOVA) to analyze the effects and interactions

50



between the number of pickup customers and drone endurance on the response variable:
percentage savings of total service time of the FSTSP-PD with respect to the FSTSP. The
results are presented in Table 3. According to the interaction plot from Figure 3, there is
no interaction between the number of pickup customers and drone endurance. Moreover,
more evidence supports this statement. We can see from Table 3, the p-value is equal to
0.907, which indicates that there is no interaction between the factors. For the main effects,
the p-value of the number of pickup customers and drone endurance are 0.00 and 0.082,
respectively, which implies that at the 0.10 significance level, both factors have effects on

the service time.

Table 2 Service time improvement of FSTSP-PD with respect to TSP and FSTSP, with

changing drone endurance and constant truck and drone speeds over 12 data sets

Number of Drone | Percentage of total service time savings of FSTSP-PD
pickup endurance over
customers (Minute) Standard TSP FSTSP
Mean Maximum Mean Maximum

20 16.2 34.9 0.0 0.0

0 40 19.5 35.0 0.0 0.0

20 18.1 423 2.5 11.4

! 40 22.8 42.4 4.3 11.4

20 19.1 43.7 3.9 13.5

? 40 24.4 43.7 6.3 13.5

20 18.9 43.7 3.6 13.5

: 40 23.6 43.7 53 13.5

20 19.6 43.7 4.6 20.8

4 40 23.9 43.7 5.8 22.6
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Table 3 Analysis of variance between the number of pickup customers and drone endurance

on percentage savings of FSTSP-PD over FSTSP

Source DF F-Value P-Value
Model 9 2.97 0.003
Linear 5 5.14 0.000
Number of pickup customers 4 5.66 0.000
Endurance 1 3.08 0.082
2-Way Interactions 4 0.25 0.907
Number of pickup customers*Drone speed 4 0.25 0.907
Error 110
Total 119
Interaction Plot for P(eDl'cter;;age of saving over FSTSP
7 Endurance

6 RN --- 40

Mean

0 1 2 3 4
Number of pickup customers

Figure 3 Interaction plot between the number of pickup customers and drone endurance

on percentage savings of FSTSP-PD over FSTSP

The interaction plot in Figure 3 shows that with 1 or 2 pickup customers shows
greatly improved service time for the system reaching the maximum point at 2 pickup
customers with a drone endurance of 40 minutes. This implies that adding more than 2
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pickup customers can result in worse service times, which may be counter-intuitive. For
example, for a 40-minute drone endurance, the cases of particular interest are those with 3
or 4 pickup customers. Here, the percentage of savings with respect to both benchmark
models decreased compared to having just 2 pickup customers. Therefore, we conclude
that the level of improvement does not necessarily increase when increasing the number of
pickup customers. We illustrate this using the example presented in Figure 4. With 2 pickup
customers, the optimal paths and total service time are shown in Figure 4(a). However,
increasing the number of pickup customers from 2 to 3 does not guarantee that this route
will be feasible for the new instance. For example, in Figure 4(a), a drone has to deliver
parcels to customer 9 and then pick up parcels from customer 3 before the rendezvous with
the truck at the depot. If customer 9 requests a pickup service instead of a delivery service
as in Figure 4(b), customer 9 cannot be served by the same flight as customer 3 since the
drone cannot provide the same service twice on one flight. Thus, customer 9 must be served
by the truck or another trip of the drone, which leads to increased total service time of the

system.

‘ Delivery parcels m
4(3-) ‘ Pickup parcels

Customers 3 and 5 "_ I A e_ ,A
requesting pickup a e ‘ ‘ ’_> ’_’

service Total Service
Time
53.41
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Customer 3, 5, and ,a_ o ,A
9 requesting N
%b@*ﬁ*@*ﬂ*ﬂ*‘

pickup service Total Service
Time
60.07

Figure 4 An example of the effect of changing the number of pickup customers on truck

and drone routes

3.3.3 Speed of the Drone

For this experiment, we use the same 12 instances as before, with the same number
of pickup customers and the same times for launching and retrieving the drone (S, and
Sg = 1) as the first experiment. For drone endurance and truck speed, we assume fixed
values of 20 minutes and 25 mph, respectively, while we test two values for the speed of
the drone: 35 mph and 45 mph. A drone flying slower than 35 mph would provide little
advantage over the truck, and a drone faster than 45 mph would likely not be practical in a

realistic parcel-delivery setting.

The results are presented in Table 4. For a drone speed of 35 mph, the results are
presented in Section 3.3.1. If the drone speed is increased to 45 mph, then the performance
with respect to the TSP and the FSTSP is improved on average (mean) by 23.4 - 24.4%
and 4.2 - 5.4%, respectively, when at least 1 pickup customer is included. The mean
performance of the FSTSP-PD with respect to the TSP is much improved in every case

when the drone speed is increased. On the other hand, the FSTSP also performs better on
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average (with respect to the TSP) when the drone speed is increased. The net effect of these
separate improvements is difficult to predict. While the mean savings of the FSTSP-PD
over the FSTSP increases as drone speed increases, the maximum relative saving does not
increase in every case. This might be a clue that drone speed will not have an effect on the
total service time improvement of the FSTSP-PD with respect to the FSTSP. This will be
explained further in the ANOVA analysis of the number of pickup customers and drone

speed.

Table 4 Service time improvement of FSTSP-PD with respect to TSP and FSTSP, with

changing drone speed and constant endurance over 12 test sets

Number | Drone Percentage of total service time savings
of pickup | Speed of FSTSP-PD over
customers | (mph) Standard TSP (%) FSTSP (%)
Mean Maximum Mean Maximum

35 16.2 34.9 0.0 0.0

0 45 20.3 39.6 0.0 0.0

35 18.1 423 2.5 11.4

! 45 23.4 42.4 4.2 12.3

35 19.1 43.7 3.9 13.5

? 45 24.4 43.7 5.4 12.3

35 18.9 43.7 3.6 13.5

. 45 242 45.9 52 12.3

35 19.6 43.7 4.6 20.8

4 45 23.8 45.9 4.8 18.9
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Murray and Chu (2015) show that drone endurance and drone speed have the effect
of improving the total service time of the FSTSP with respect to the TSP. Therefore, we
are interested in testing the effect of the number of pickup customers and drone speed on
the percentage of total service time savings of the FSTSP-PD with respect to the FSTSP.
The results of the ANOVA, shown in Table 5, reveal that the number of pickup customers
and drone speed have no interaction effect (p-value is 0.933). The main effects have p-
values 0f 0.001 and 0.208, respectively, which reveal that at the 0.10 significance level, the
number of pickup customers has a statistically significant effect whereas drone speed has
no effect on the percentage savings in the total service time of the FSTSP-PD with respect
to the FSTSP. In addition, when the number of pickup customers increases to 4 customers,
the gap in the percentage savings is narrowed. Greater drone speed can improve the
performance of both the FSTSP and the FSTSP-PD resulting in insignificant statistical
difference between them. In Figure 5, the pattern of percentage savings of total service time
is similar to Figure 3, which means that adding more than 2 pickup customers might prevent
a drone from using the previous best routes, as presented in Figure 4. Therefore, the
percentage savings in total service time declines in the case of 3 and 4 pickup customers,

as in Figure 3.
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Mean
w

0 1 2 3 4
Number of pickup customers

Figure 5 Interaction plot between the number of pickup customers and drone speed on

percentage savings of FSTSP-PD over FSTSP of the drone speed experiments

Table 5 Analysis of variance between the number of pickup customers and drone speed on

percentage savings of FSTSP-PD over FSTSP of the drone speed

Source DF F-Value P-Value
Model 9 2.60 0.009
Linear 5 4.50 0.001
Number of pickup customers 4 5.23 0.001
Drone speed 1 1.61 0.208
2-Way Interactions 4 0.21 0.933
Number of pickup customers*Drone speed 4 0.21 0.933
Error 110
Total 119

3.4 FSTSP-PD Heuristic

57



The mixed integer linear programming formulation proposed in Section 3.2 cannot
solve realistic-size instances within a reasonable time. For example, for instances of 20
customers the MILP had an average run time of 15 hours. Hence, we propose the FSTSP-
PD heuristic to overcome run time problems by achieving near-optimal solutions in just a

fraction of the time required by the MILP.

The heuristic’s logic is shown in the flowchart in Figure 6. The detailed heuristic is
presented in Appendix 1, using pseudocode. The heuristic requires C,C’,D’, T, 7', and
stopping criteria values as parameters. For stopping criteria, the algorithm uses soft and
hard stopping values. Whenever a soft-stopping criterion is met, we start from the optimal
TSP solution again as in box 5 of Figure 6. On the other hand, if a hard-stopping criterion

is met, the heuristic is terminated.

The heuristic starts by obtaining a TSP optimal solution, which we call a truck path
(this is box 1 of Figure 6). Then, it checks the current number of iterations to determine
whether a stopping criterion has been met or not (see boxes 2-4 in Figure 6). If none of the
stopping criteria have been met, it performs neighborhood search on the current truck path
by randomly swapping 2 customers in each iteration (see box 7). Then, it saves the current
truck solution (see box 6), to be used again in a next iteration for neighborhood search if
the soft-stopping criterion is not met. Therefore, the starting truck solution in each iteration

keeps evolving based on previous iterations.
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The heuristic implements two methods for moving customers from a truck path to
a drone path. The first method, box 8, is to move customers one-by-one by considering
pickup-only and delivery-only sorties. The algorithm randomly picks one customer that
requests delivery service and creates a new drone path for this customer. The process
repeats until no delivery customer can create a new drone path. Then, it starts creating new
drone paths for pickup customers. The same procedure applies to the pickup only function.

For further details, see Algorithms 3.4 and 3.5 in the Appendix 1.

On the other hand, the second method, box 9, is to move pickup and delivery
customers in pairs to drone paths as a delivery-pickup function. If the algorithm cannot pair
up customers to move to drone paths, it will start moving customers one-by-one to create
new drone paths as in the delivery or pickup only method just above. For further details,
see Algorithms 3.2 and 3.3 in the Appendix 1. Both methods need to be performed in each
iteration since an optimal solution might consist only of pickup only and delivery only
drone paths without a delivery-pickup path. Therefore, the first method identifies solutions
without delivery-and-pickup paths while the second method identifies solutions with such

paths.
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Figure 6 Flow chart of FSTSP-PD heuristic

Because we are the first to propose the FSTSP-PD model, there is no other heuristic

in the literature that we can make direct comparisons to. Therefore, we compare our

FSTSP-PD heuristic with optimal solutions using 10-customer and 20-customer instances

as our baselines, in Table 4 and 5, respectively. For these experiments, we set the hard-

stopping criterion to 3,000 total iterations

along with the soft-stopping criterion to every

60



100 iterations for 10-customer instances and 200 iterations for 20-customer instances,
where all instances are from Murray and Chu (2015). We set drone endurance and speed
to 20 minutes and 35 MPH, respectively. For the launch and rendezvous time for a drone,
we set Sg and S; = 1. Our objective for proposing this heuristic in this chapter is to provide
a method for solving realistic-sized instances within a reasonable runtime while achieving
near optimal solutions. As demonstrated in Chapter 3.3, a 20% percentage of pickup
customers yielded the maximum total service time savings. Therefore, we fix the
percentage of pickup customers to 20% for these experiments to best explore this model.
In Table 6, we can see that the FSTSP-PD heuristic using CPLEX Python API for TSP
paths has an average run time of 1.9 minutes. Meanwhile, the exact method, using CPLEX
and Python API for the model described in Section 3.2, takes 8.7 minutes to solve 10-
customer instances. The FSTSP-PD heuristic attains the optimal solution in 4 of 11 cases,
and achieves near-optimal solutions for all instances with an average 2.3% optimality gap.
While for these very small instances there is no substantial time saving using the heuristic,

it does illustrate how close the heuristic comes to the optimal solution.

Table 6 FSTSP-PD heuristic compared with Murray and Chu (2015)’s test problems with
2 pickup customers, 35 MPH of drone speed and 20 minutes of drone endurance on

10-customer instances

Instance | FSTSP-PD | FSTSP-PD | Optimal Optimal | Percentage of Total
Heuristic Heuristic | solution Solution Run Service Time of

Solution Runtime time (seconds) Heuristic Over

(seconds) Exact Solution

1 39.7 923 39.7 709.4 0.0%
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2 542 172.2 532 17.7 1.0%
3 62.9 129.4 62.4 1038.2 0.5%
4 41.9 90.6 38.4 504.1 3.5%
5 46.0 84.6 45.7 15.4 0.3%
6 58.5 83.5 58.5 13.5 0.0%
7 40.6 113.2 40.6 27.1 0.0%
8 68.2 108.7 64.4 35.6 3.8%
9 77.3 164.1 77.3 393.4 0.0%
10 64.7 114.4 55.2 2256.1 9.5%
11 71.9 124.7 65.5 752.9 6.4%

We also test the FSTSP-PD heuristic for 20-customer instances as shown in Table
7. Unlike the 10-customer instances, we set a time limit to 24 hours for each run the MILP
in CPLEX Python API. Based on the result, 9 out of 11 instances obtain optimal solution
within a 24-hour runtime. On the FSTSP-PD heuristic side, we can achieve an average
optimality GAP of 1.7% based on 9 of 11 optimal solutions and 2 best-found solutions with
an average run time of 9.8 minutes. On the other hand, the MILP solution has an average

run time of 15.8 hours, which is 96 times slower than the heuristic.

Table 7 FSTSP-PD heuristic compared with an exact solution with 4 pickup customers, 35
MPH of drone speed and 20 minutes of drone endurance on 20-customer instances

from Murray and Chu (2015)’s test problems

Instance | MILP MILP | Optimal | FSTSP- | Heuristic | Percentage of total
solution | runtime | solution PD | runtime service time of

(seconds) heuristic | (seconds) | heuristic over best-

solution found solution
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1 266.7 86400 273.2 550.1 2.5%
2 247.0 45350 v 253.4 580.2 2.6%
3 232.1 40728 v 233.5 578.6 0.6%
4 252.3 62321 v 2533 598.7 0.4%
5 239.2 73764 v 2454 585.2 2.6%
6 240.6 45885 v 251.7 553.8 4.6%
7 239.3 48953 v 239.7 604.2 0.2%
8 221.5 41689 v 231.0 570.4 4.3%
9 267.6 50894 v 267.8 594.2 0.0%
10 259.5 41957 v 261.2 570.8 0.7%
11 173.0 86400 173.9 680.9 0.5%

To ascertain that the FSTSP-PD heuristic is not sensitive to the choice of random
seeds and to enhance the analysis of variance, we used 11 different seeds and 11 datasets
of 10-customer instances as shown in Table 8. Based on the result, the random seed does

not affect total service time of a truck.

Table 8 Analysis of variance for FSTSP-PD heuristic between 11 seeds and 11 data sets

Source DF F-value P-value
Model 20 1,088.77 0.000
Linear 20 1,088.77 0.000
Seed 10 0.96 0.483
Data 10 2,176.59 0.000
Error 100
Total 120

We also test the FSTSP-PD heuristic with five 50-customer instances generated

with uniform distribution with the same population density of the 10-customer instances

63



as shown in Table 9. Note that 20% of locations are pickup customers, as with the previous
experiments. We set the soft-stopping criterion and hard-stopping criterion to 200 and
5,000 total iterations. However, we could only compare the results with TSP optimal
solutions since the MILP model runs out of memory while attempting to load the
constraints. In fact, even for 30-customer instances, seeding the MILP model with the best
heuristic solution does not yield any improvement within 100 hours of run time. For the
five instances of 50 customers, the heuristic solutions have an average run time of 1.9 hours

and improve the TSP optimal solutions by 13.2% on average.

Table 9 FSTSP-PD heuristic compares with TSP solutions with 10 pickup customers, 35

MPH of drone speed and 40 minutes of drone endurance on 50-customer instances

Instance TSP FSTSP-PD Heuristic Percentage of Total
Solution | Runtime | Solution Runtime | Service Time of Heuristic

(seconds) (seconds) | Over best-known solution

1 323.8 631.1 288.4 7106.5 10.9%

2 296.0 55.7 258.7 6853.4 12.6%

3 282.1 22.6 239.4 7031.7 15.2%

4 300.1 106.7 264.7 6691.7 11.8%

5 317.7 62.1 267.6 6833.5 15.8%

3.5 Conclusion

We proposed a new model for integrating delivery and pickup operations,
combining trucks and drones, termed the Flying Sidekick Traveling Salesman Problem
with Pickup and Delivery (FSTSP-PD). We formulated it as a mixed-integer programming

model based on Murray and Chu (2015)’s FSTSP model, with additional constraints to
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handle drone pickup and delivery-pickup operations. Adding the possibility of pickup
service to a drone-and-truck parcel-delivery service can increase the drone’s utilization. It
can also enhance customer satisfaction by saving the customer the time of going to the post
office to return parcels. Additionally, differentiating between pickup and delivery orders

can reduce the service time.

We measured the performance of our proposed model in terms of the percentage of
total service time savings, using the TSP and the FSTSP as benchmarks. The results
generated from the numerical experiments on 10-customer instances reveal that the FSTSP-
PD outperforms the TSP and the FSTSP when pickup customers are present by up to 24.4%
and 6.3%, respectively. The number of pickup customers and drone endurance are the
factors that affect the improvement in total service time of the FSTSP-PD relative to the
FSTSP. The speed of the drone has no statistically significant effect on the percentage
savings in total service time. It is likely that drone speed may improve performance for
both the FSTSP and the FSTSP-PD, hence the net effect is insignificant. We additionally
observe that the improvement of the FSTSP-PD over the FSTSP is not monotone with the
total number of pickup customers. In fact, we observe that the time savings are highest

when about 20% of orders are pickups.

Due to the MILP’s limitations on instance size, we propose a heuristic for the
FSTSP-PD. We show that the FSTSP-PD heuristic can obtain near-optimal solutions with
an optimality gap of 1.7% in just 10 minutes, for instances of up to 20 customers. This is

96 times faster than the MILP. Moreover, this heuristic is not sensitive to randomness. In
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addition, when there are 50 customers in the system, the proposed heuristic can obtain

solutions that improve TSP optimal paths by 13.2%.

The proposed model is applicable in improving the capability of vehicles for
integrated delivery and pickup services and in enhancing customer satisfaction with a new
parcel pickup service. In Chapter 4, the number of customers is increased along with adding
multiple payloads to the drone. This is expected to yield more delivery time savings than
the FSTSP-PD model because each drone can perform multiple stops. In addition, we
propose a variant of the VNS meta-heuristic to substitute for the FSTSP-PD heuristic to

achieve runtimes on large-size instances.
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Chapter 4

Sustainable Last Mile Parcel Delivery and Return Service Using

Multiple Payload Drones

4.1 Introduction

In this chapter, which has also been published as Yanpirat et al. (2023), we broaden
the scope of the Flying Sidekick Traveling Salesman Problem with Pickup and Delivery
(FSTSP-PD) model from the previous chapter to account for a drone’s multiple payload
capacity. This expanded model, referred to as the Flying Sidekick Traveling Salesman
Problem Integrating Deliveries and Returns with Multiple Payloads (FSTSP-DR-MP),
aims to improve overall service time savings in comparison to the FSTSP-PD. The primary
distinction between the FSTSP and our proposed model lies in the maximum number of
stops a drone can make in each sortie. Assume, for instance, that there are four customers
that could be served by a drone and the drone has a payload capacity of two. If we directly
integrate a multiple-stop feature in to the FSTSP model, the maximum number of stops per
sortie is limited to two customers (Figure 7(a)) because the model does not differentiate
between pickup and delivery. However, the FSTSP-DR-MP model allows for up to four
stops (Figure 7(b)), provided it follows either of the following sequences: Delivery —
Delivery — Return — Return, or Delivery — Return — Delivery — Return. This facilitates
potentially greater service time savings compared to a standard FSTSP model and
optimizes drone usage, thereby enhancing the sustainability of the system. In contrast, the

standard FSTSP model does not have the payload management constraints required to
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control the sequence of customers on each drone route, a key feature in our approach.

Without these constraints, the drone route could become infeasible, for instance, by trying

to make a return followed by two deliveries on the same sortie, thereby surpassing the

drone’s payload capacity (Figure 7(c)). Formulating and implementing these constraints is

a crucial contribution of this research.

Model name
(Payload
Capacity = 2)

Example of truck and drone routes

Feasibility

Figure

FSTSP
model with
unidentified
service types

7(a)

FSTSP
model with
identified
service types

7(b)

FSTSP-DR-
MP model
with
identified
service types

7(c)

Remark

Unknown service

type
‘ Delivery parcels A Return parcels
<— Truck route

<= = Drone route

Figure 7 FSTSP vs FSTSP-DR-MP with/without identifying service types

Drones with multiple payloads not only have the capability to serve more customers

in a single sortie as shown in Figure 7(b), but they are also capable of reducing total service

time and increase total truck travel time savings too. Consider the 10-customer example
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shown in Figure 8 below. The original FSTSP model in Figure 8(a), which does not
distinguish between deliveries and returns, has an optimal total service of 50.2 minutes,
while reducing tuck travel time by 16.3 minutes with respect to the TSP. Separating the
customers by type, the drone now has the capability to perform a return immediately after
it delivers a parcel to another customer in one sortie, as illustrated in Figure 8(b). The
service time with the FSTSP-DR-MP model with a 1-payload capacity reduces the optimal
total service time to 46.7 minutes and increases the savings for truck travel time to 19.7
minutes. By considering a 3-payload capacity drone as in Figure 8(c), more customers can
be served on the same flight, reducing the optimal total service time to 42.7 minutes, which
1s 9% lower than the FSTSP-DR-MP with 1-payload capacity model while maintaining the
same truck travel time savings, for this example. In other words, considering multiple

payloads has the potential of reducing the total service time.

Model .
Example of truck and drone routes Figure

Name

Total service time: 50.2

Truck travel time savings: 16.2
A A
JER AR FSTSP  8(a)
4 _/ 4
Depot 5 —> —> —> - — —p lmmmm g Depot
Total service time: 46.7 FSTSP-

Truck travel time savings: 19.7 DR-MP
Q ° A ° A with 8(b)
1-payload
Bsi o oo b
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Total service time: 42.7
Truck travel time savings: 19.7 FSTSP-

DR-MP
©- 0 - A-AL-©O with 8(c)
_.g_,g_,@_.g_,b B ewlead

capacity
Figure 8 Examples of truck-drone operation for the FSTSP-DR-MP

This mathematical model is developed using an MILP in Section 4.2. Then, we
conduct numerical experiments with the MILP to explore the effects and benefits of
introducing multiple payloads to model on total service time savings and total truck travel
time with small-size instances in Section 4.3. To tackle the limitations of the MILP with
regard to solving larger instances in a reasonable time, in Section 4.4, we introduce a
variant of a meta-heuristic, Variable Neighborhood Search (VNS) that can achieve near-
optimal solutions within a reasonable runtime. In Section 4.5, we conduct experiments with
VNS on realistic-size instances up to 100 customers. Lastly, we conclude our findings in

Section 4.6.

4.2 Mathematical Model for the Flying Sidekick Traveling Salesman Problem
Integrating Deliveries and Returns with Multiple Payloads

With a greater payload capacity, there is more computational complexity since the
algorithm must consider the feasibility of each sortie on sequences of return and delivery
tasks to avoid exceeding payload capacity. Therefore, we must consider both battery life

and drone payload capacity when planning routes.

4.2.1 Assumptions and Notation
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Since this proposed model is derived from the FSTSP-PD, the objective function,
notation, and assumptions are the same as those in Chapter 3. Additional assumptions,
parameters, and decision variables are given below.

Additional or modified assumptions
1)  The truck has unlimited capacity while the drone can carry only P parcels at
a time. Note that drone parcels are homogeneous, that is, interchangeable in

weight, shape, and size.

2)  The drone must depart before the truck at every launch location except the

starting depot, for safety purposes.

3)  The drone uses the same amount of energy when it has one or more payloads

or is empty and, also, whether it flies or hovers.

Additional definition of parameters
P: Maximum payloads that the drone can carry at a time

M,: An integer number greater than P

Additional or changes to decision variables
Vij: Indicates whether the drone travels along arc (i,j) € N Binary
Zik: Indicates whether the drone launches at location i and Binary
rendezvouses with the truck at location k where (i, k) € N
da;:

Indicate whether the drone is ready to create a new sortie at Binary

location j € N
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cp;: Indicates how many times the drone performs return tasks Integer
up until customer i € N in the current drone sortie
cd;: Indicates how many times the drone performs delivery Integer

tasks up until customer i € N in the current drone sortie

cpd;: Indicates payload availability status at customer i € N Integer
4.2.2 Mathematical Model
Objective Min t.4q (40)
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4.2.3 Model Definition
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Since we focus on total service time, the objective is to minimize the final arrival

time of the truck at the depot, shown in (40). Even though the arrival time of the drone does

not appear in (40), it is bounded by constraints (64) and (65). Flow balance, drone

availability, payload management, and time synchronization constraints are components of

the solution approach.

As in the TSP, where all customers must be served, constraint (41) forces all

customers to be served only once by either the truck or the drone. Constraints (42) and (43)

force the truck to leave and enter the depot. Constraint (44) enforces flow balance for the

77



truck at each customer location. The truck departure time at each location is governed by

constraint (66).

Constraints (45) and (46) allow the drone to enter and leave each node only once,
while constraint (47) prevents the drone from forming a small sub-tour with only one node.
Constraints (48) and (49) allow only one drone launch or rendezvous at any customer
location as well as at the depot. Furthermore, to be certain that the truck will be at the
rendezvous locations to recover the drone, constraints (53) and (54) force the truck to arrive
at those locations. Constraints (50) and (51) force the drone to leave and arrive at the truck
once the drone route is assigned by z;;, where i € Ny and k € N,. These also govern the
route of the drone that arrives and leaves at customer locations during the drone flight.
Since not all customers can be served by drone, constraint (52) ensures that the drone only
serves drone-eligible customers. When the drone is launched from the truck, constraints
(62) and (63) force the truck and drone departure times from that location to be equal.
Likewise, when the drone rendezvouses with the truck, constraints (64) and (65) force the
departure times of the truck and drone to be equal. We also prevent the truck from
launching the drone without having it by employing constraint (58) when da; = 0. Hence,
with constraint (59), we set day = 1 to allow the truck to launch the drone immediately at
the starting depot. If the drone is launched at node i, constraint (55) sets da; = 0, for the
immediate successor node of the truck to prevent the truck from launching the drone unless
the drone rendezvouses with the truck at node j. We also retain the da; value if there is no
drone launch or rendezvous with the truck, using constraints (56) and (57). Also, we

enforce constraint (60) to prevent the drone from launching again after it reaches the depot,

78



and constraint (61) to prevent each drone sortie from allowing launch and rendezvous
locations at the same location. The drone departure time at each customer location is
governed by constraint (67) for delivery and return tasks along with launch and retrieve

times (S, and Sg) when the interaction between the truck and drone occurs.

Since multiple payloads are allowed, we must keep track of the current state of the
payloads on each drone sortie to avoid infeasible solutions. We use the integer variables
cp; and cd; to track the number of return and delivery tasks during each sortie, respectively,
in constraints (68) - (71). We force the drone to rendezvous with the truck after the drone
performs a return that fills the payload capacity limit with constraint (77). We also force
the drone to rendezvous with the truck once a certain amount of delivery and return tasks
has been completed with variable cpd; using constraint (78). Integer variable cpd;
represents the fact that payload capacity is exhausted, that is, whenever cp; is greater than
cd;, the drone will have less payloads for delivery tasks in that sortie, as in constraint (75).
Constraint (76) prevents cpd; from decreasing throughout each sortie. To illustrate the
purpose of cpd;, let us assume that the drone has a two-payload capacity. This drone could
perform up to four stops since we could perform Delivery — Delivery — Return — Return.
In this sortie, cpd; is always zero at every customer since the number of return tasks never
exceeds the number of delivery tasks. However, if the first stop of a drone sortie is a return
task, then cpd; = 1 at this customer, meaning that one unit of capacity of this drone has
been used. Therefore, the drone has only one empty payload slot left to perform additional
return and delivery tasks before returning to the truck. Also, constraints (72) - (74) reset

cp;, cd;, and cpd; to zero when the drone meets the truck at location i € N, . Constraint
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(79) allows the drone to be launched only when the planned travel time of the drone is less
or equal to en. Constraints (80) and (81) set t; and t; to 0 if the truck does not launch a
drone before leaving the depot. Otherwise, constraint (80) sets t; equal to S;, and constraint
(81) sets t; greater or equal to S; since the drone does not need to leave the depot at the
same time as the truck leaves. Constraints (82) - (86) define the range of the decision

variables.

Constraints (87) and (88) provide valid lower bounds. Constraint (87) represents
the tour completion time assuming the truck never needs to wait for the drone, while (88)
assumes that all drone routes are connected without relying on the truck as the carrier from
the predecessor rendezvous location to its next launch location. This amounts to pretending
that the drone never needs to hover and wait for the truck to arrive at a rendezvous location.

Constraint (89) provides an upper bound for the total number of rendezvous.

4.3 Analysis of Solutions from the MILP

To test the performance of the FSTSP-DR-MP model on improving sustainability
in last mile logistics, we performed numerical experiments varying two factors: 1)
percentage of return customers and 2) payload capacity. Like other drone-assisted logistics
problems, the FSTSP-DR-MP model is NP-hard. Therefore, experiments cannot be
conducted using the MILP with a realistic number of customers. Hence, we will
concentrate on 10 small-size instances, each consisting of 10 customers, where we can
obtain optimal solutions with the MILP. In Sections 4.4 and 4.5 we discuss the meta-

heuristic approach which can readily solve large-size instances of up to 100 customers.
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Even though 10 customers do not represent a realistic number, these experiments identify
which factors are statistically significant to be considered in the VNS approach with large-
size instances. All experiments are conducted on a Windows 10 desktop PC with an Intel
Xeon W-2295 3.0 GHz and 128 GB Ram. For software, we use the CPLEX API version

12.8 in Python version 3.6.

4.3.1 Considering Percent of Return Customers and Payload Capacity

We performed experiments with 10 customers using data sets from Murray and Chu
(2015) and classifying the customers into return or delivery. We also derive parameter
values from Murray and Chu (2015) by setting the truck and drone speeds at 25 MPH and
35 MPH, respectively; drone endurance (en) is set to 40 minutes. The fixed times for
launching (S;) and retrieving (Sg) packages from the drone are 1 minute each. On average,
85 percent of customers are eligible to receive services by the drone (C") (as in Murray and
Chu (2015)). To test the percentage of return customers against the time savings, we
compare solutions with 0%, 20%, and 40% return customers, as in Chapter 3. Note that
drone eligibility for each customer does not alter with changes in the percentage of return
customers. We also tested the drone payload capacity at three levels which are 1, 2, and 3
payloads. To assess the performance of this model, we compare the results with the TSP
and FSTSP solutions as presented in Table 10. The results reveal percentage savings in the
total service time of the FSTSP-DR-MP with respect to the TSP of 22.6 to 32.5% and of
6.0 to 18.3% with respect to the FSTSP, on average, when at least one return customer is
included. We obtain optimal solutions for every scenario with an average runtime of 5

minutes. This implies that differentiating return service has the potential to reduce total
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service time compared to treating all services as deliveries. Moreover, we can identify the
trend of reducing total truck travel time when integrating the drone and considering return
services with respect to the TSP and the FSTSP of 29.9 to 36.2% and 6.2 to 22.9%, on
average, respectively. Such improvements translate into sustainability advantages as trips

are consolidated and the drone is handling more of the packages.

Table 10 Results of the average percent return customers and payload capacity experiment
compared to a standard truck only system and a drone-truck system that does not

consider returns

Payload | Percentage of | Percentage of total service Percentage of total truck
capacity return time savings of FSTSP- travel saving of FSTSP-
customers DR-MP over: DR-MP over:

Standard TSP FSTSP | Standard TSP FSTSP

0% 17.9% 0.0% 26.9% 0.0%

1 20% 23.2% 6.5% 31.4% 6.2%

40% 22.6% 6.0% 29.9% 15.2%

0% 28.6% 13.2% 34.6% 10.5%

2 20% 29.9% 14.9% 34.8% 21.0%

40% 30.4% 15.5% 35.7% 22.3%

0% 29.9% 14.9% 35.8% 12.5%

3 20% 31.5% 16.9% 35.0% 21.2%

40% 32.5% 18.3% 36.2% 22.9%

To analyze these results, we performed ANOVA to test the effects of payload
capacity and percentage of returns on total service time and total truck travel time savings,
as in Tables 11 and 12. The analysis of variance demonstrates that both factors are

statistically significant at the 0.05 level of significance with p-values approaching zero.
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However, the F value of payload capacity is far larger, indicating this is the more
significant factor. The interaction plots presented in Figures 9 and 10 demonstrate a
positive interaction effect between payload capacity and percentage of returns on both total
service time and total truck travel time savings. However, as the levels of both factors
increase, there are diminishing returns. Note that the interaction between payload capacity
and percentage of returns has a stronger effect on total truck travel time savings than on
total service time savings, as expected. With more customers being served by the drone as
both factors increase, the truck has fewer customers to visit in its route, which is not the
case for total service time savings. Although the drone serves more customers as both

factors increase, the drone travel time is still a part of total service time savings.

Table 11 Analysis of Variance based on total service time savings

Source DF F-Value P-Value
Model 53 82.86 0.000
Linear 13 322.73 0.000
Data 9 364.06 0.000
Return Customers 2 39.19 0.000
Payloads 2 420.30 0.000
2-Way Interactions 40 4.90 0.000
Data*Return Customers 18 2.51 0.009
Data*Payloads 18 6.99 0.000
Payloads*Return Customers 4 6.26 0.001
Error 36
Total 89
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Table 12 Analysis of Variance based on total truck travel time savings
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Source DF F-Value P-Value
Model 53 32.39 0.000
Linear 13 124.19 0.000
Data 9 165.70 0.000
Return Customers 2 3.38 0.045
Payloads 2 58.19 0.000
2-Way Interactions 40 2.55 0.003
Data*Return Customers 18 1.45 0.169
Data*Payloads 18 3.50 0.001
Payloads*Return Customers 4 3.25 0.023
Error 36
Total 89
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4.3.2 Performance of Multiple Payloads vs. Multiple Drones

We performed another experiment to test the performance differences between
having multiple drones with a single payload versus one drone with multiple payloads.
Note that we use the multi-visit traveling salesman problem with multi-drones (MTSP-
MD) by Luo et al. (2021) for multiple drones with a single payload while altering their
assumptions to match with ours as given in Section 4.2 and the parameters in Section 4.3.1.
To compare, we use the FSTSP-DR-MP model with a payload capacity of 2, while the
MTSP-MD model consists of 2 drones with a single payload. Additional launch and
rendezvous times (replace batteries and load/unload parcels) must be accounted for when

the truck driver launches each drone. As a result, a single drone with multiple payloads can
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outperform multiple drones with a single payload by 3.9% on average, based on the results

in Table 13.

Table 13 Results of assessing performance of FSTSP-RP-MP vs. MTSP-MD

Percentage of | Average objective value Average objective Performance
return customers for FSTSP-DR-MP | value for MTSP-MD improvement
0% 49.00 52.41 7.2%

20% 48.06 49.24 2.4%

40% 47.76 48.95 2.2%

Average 3.9%

4.3.3 Performance of Valid Inequalities

To assess the performance of the valid inequalities detailed in Section 4.2.3, we
performed an experiment with the same assumptions as in Section 4.2 and parameters as
in Section 4.3.1. We test instances with 40% return customers with a drone payload
capacity of 3, setting a computational time limit of 24 hours. The results in Appendix 2,
Table 2.1 clearly show that the valid inequalities assist the model to find the optimal
solutions and proof of optimality within 5 minutes for most instances of 10 customers
tested. Without valid inequalities, the upper bound for every instance reaches the optimal
value; however, the lower bound does not improve, hence the model cannot offer proof of
optimality for any instance within 24 hours. This shows that the implemented valid
inequalities are effective at reducing runtime for every instance tested, with slightly less

impact on instance 10.

4.4 FSTSP-DR-MP Meta-Heuristic
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The MILP formulation for the FSTSP-DR-MP presented in Section 4.2 cannot
solve realistic-size instances within a reasonable computational time. To elaborate, the
number of constraints and variables increase drastically with the number of customer
locations, as seen in in Appendix 2, Table 2.2. We have attempted to adapt the proposed
FSTSP-PD heuristic, Chapter 3, to solve the FSTSP-DR-MP model. However, the
numerical experiments show that the FSTSP-PD heuristic cannot handle realistic-size
instances within a reasonable runtime. Thus, we devise a meta-heuristic for the FSTSP-
DR-MP, a variant of VNS. In terms of solution efficiency, the VNS performs slightly worse
than the FSTSP-PD heuristic from Chapter 3 (by 5.5%) while having similar runtimes
based on our numerical experiments on 50-customer instances with the assumptions from
Section 3.2.1. However, when it comes to realistic-sized instances with 100 customers, the
practicality of the VNS becomes evident, as it can solve these instances in three hours,

while the FSTSP-PD heuristic requires more than 20 hours. Therefore, we concentrate only

on the VNS heuristic in this chapter.

VNS is a well-known meta-heuristic for combinatorial problems with a strong
neighborhood structure, as found in Freitas and Penna (2022), Schermer (2019), Molina et
al. (2020), and de Armas et al. (2015). A solution (s) to the FSTSP-DR-MP comprises two
components: a truck solution (or a truck route), and drone solution (or a set of drone routes).
We define the neighborhood of a given solution as any other solution that shares the same
truck route. Therefore, the neighborhood includes all possible drone routes for a given truck
route. After the meta-heuristic changes the neighborhood by creating a new truck solution,

a local search meta-heuristic proceeds to explore different combinations of drone routes.
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To replicate the decision variables from the MILP model, we designed a meta-
heuristic that involves generating truck and drone routes. In the case of the truck route, we
utilized a list data structure that captures the truck route, as illustrated in Figure 11. The list
has several columns, with the first column denoting the starting location, i.e., the depot,
and the subsequent columns representing the intermediate locations that the truck must
visit. The last column of the list represents the depot again, completing the Hamiltonian
route. For drone routes, we use an array structure as in Figure 12. Each row represents a
drone sortie while the first and second columns represents launch and rendezvous locations,

respectively. The remaining columns represents the sequence of customers of each drone

sortie.
Launch Rendezvous
Depot Depot Location  Location
\ I Customers
l l [[0,4,6,85,x,x X] fm— st Sortie
[0,4 ...,31,C+1] [7110/911X1X1X/X]; — 2"d Sortie
. )
Customers [10;5,1;2,3,X,X]] (| st Sortie
Figure 11 Encoding of a truck Figure 12 Encoding of drone solutions
solution

Initially, when only the truck route is generated, we can calculate its objective value
by summing the travel times of each adjacent location in the truck solution. However, when

the meta-heuristic generates a drone sortie, we must take into account the difference
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between the arrival times of the truck and the drone from the launch point to the rendezvous
location. This information is used to determine which vehicle arrives last and when the
drone will be ready to launch again. This is crucial for specifying the departure time of the
next rendezvous location, as the drone must leave before the truck leave for safety

purposes, as mentioned in Section 4.2.1.

We would like to emphasize that we only consider feasible solutions in our
approach. For details on how to ensure the feasibility of drone routes, please refer to
Section 4.4.1. Note that we do not need to ensure the feasibility for the truck route since its
encoding (Figure 11) inherently handles all subtours. The overall meta-heuristic is

illustrated in Algorithm 4.1 with the subordinate heuristic presented in Algorithm 4.2.

Algorithm 4.1 FSTSP-DR-MP Main

Require: customers (C,C"); cost metrices (z,T'); drone endurance (en); launch and retrieval
times (S, Sg); maximum payloads (P); total move operators (k4 ); range of candidates for
launch and rendezvous locations (w); maximum iterations (f3); difficult-to-assign customers
(W); ratio of drone and truck customers (¢p, @)
1  repeat
s, DroneGroup < ChangeNeighborhood(C, C’, 7, ¢p, ¢1)
s,W « ExploreNeighborhood(s, W, t,t’,en, S;, Sg, P, kpmax, @, DroneGroup)
ifw =09
s « Insert customers from W to the truck route
end if
if f(s) < f(s™) then
s* s

end if

O 0 3 O W b~ WO

—_
==

until stop

[u—
[u—

s* « ExactMethod(s*, ', en, P)
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12 returns”

The search starts by creating an empty set W for storing difficult-to-assign
customers in later steps, and randomly separating customers into truck and drone groups
(DroneGroup) with a ratio of ¢ customers in the truck group and ¢ customers in the
drone group, as in line 2. Note that a customer cannot be in both groups, and all customers
in the drone group must be drone eligible customers. We expect customers located further
away from the depot to be served by the drone instead of the truck. Therefore, we rank all
customers based on their distances from the depot and give the furthest 30% of drone
eligible customers 50% more likelihood of being chosen for the drone group

(DroneGroup).

After determining the customers in the truck and drone groups, we find a TSP
solution (s) for all customers in the truck group using Concorde, a well-known TSP solver
(Applegate et al., 1998). Then, we explore the neighborhood using move operators (line 3)
by removing a customer uniformly at random from DroneGroup to be inserted to a drone
route to gain new solution (s) as shown in Algorithm 4.2. Once DroneGroup becomes an
empty set, it checks for remaining customers in W (line 4). If there are no customers in W,
the algorithm proceeds to line 7 to compare the current solution (s) with the best-known
solution (s*). Otherwise, the meta-heuristic inserts the remaining customers from W in
FIFO order, one by one, to the truck route wherever the insertion results in the minimum

increase in total service time before proceeding to line 7.
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The algorithm repeats the process again from line 2 until one of the termination

criteria is met, which are 1) The number of iterations exceeds f iterations, or 2) There is
no improvement on the best-known solution within g iterations. If the termination criteria

are met, the VNS proceeds to line 11 where it performs a mathematical optimization with
an exact method (CPLEX) for the drone routes of the best-known solution. We set the truck

route (x;;), launch and rendezvous locations (z;; ), and departure time for the drone at each

launch and rendezvous locations (t; and t;) to have the same values of the best-known
solution then solve the MILP presented in Section 4.2 for the remaining variables. Note
that the customers on the truck route cannot be relocated; only drone customers can. The
goal is to create a new solution by letting drone customers swap locations between drone
routes and potentially reduce the total service time of the system. Then, the meta-heuristic

terminates and returns the best solution (s*).

It should be noted that the algorithm abandons the current solution (s) and starts a
new iteration immediately whenever a new objective value (f(s)) from a recently accepted

neighborhood is worse than the best-known solution (f(s*)), in lines 2, 3 and 5.

Algorithm 4.2 Explore Neighborhood

1 for all j € DroneGroup do

2 if there is no existing drone route then

3 s « Create a new drone route with customer j

4 if the heuristic fails to create a drone route with customer j then
5 Relocate customer j to W

6 end if

7 else
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8 ke1

9 while k < k;;,4, do

10 if k == 1 then

11 s' « Insert customer j to an existing drone route
12 if the insertion is successful then

13 ses'

14 Continue

15 end if

16 else if k == 2 then

17 s' « Create a new drone route with customer j
18 If the creating a drone route is successful then
19 ses'

20 Continue

21 else

22 Relocate customer j to W

23 end if

24 else if k == 3 then

25 foralli € W do

26 s" « Insert customer i to an existing drone route with relaxed rules
27 if the insertion is successful then

28 se«s'

29 Continue

30 end if

31 end for

32 end if

33 k—k+1

34 end while

35 end if

36 end for

37 returns

The ExploreNeighborhood () function is described in Algorithm 4.2. There are

three move operators for assigning a candidate customer j € DroneGroup to be served by
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the drone. These are standard insertion (k = 1), creating a new drone route (k = 2), and
insertion with relaxed rules (k = 3). Note that the order of move operators matters, and
shuffling move operators is not required since inserting a customer into an existing drone
route has less impact towards total service time than creating a new drone route. The first
time this function is called, a drone route does not exist. So, only one option is available,
which is creating a drone route with customer j (line 3). To create a drone route, the
heuristic uses the selected customer location and includes the ® nearest locations on the
truck route (including the depot) to the list of candidates for potential launch and
rendezvous locations. The number of such candidates, o, is a settable parameter. A higher
o means more candidates are considered but requires more computation time. The heuristic
calculates the drone travel time from the candidate launch/rendezvous locations and the
selected customer to create a new drone route. In line 3, the heuristic only accepts drone
routes where the endurance constraint is not violated and the truck travel time from the
launch location to the rendezvous location is less than or equal to the drone travel time
from the launch location to the rendezvous location (to avoid having the truck waits for the
drone). If the new drone route does not meet the criteria, the heuristic moves customer j to

set W (line 4).

4.4.1 First Neighborhood Search

If at least one drone route exists, the heuristic proceeds to line 8. Starting with k =
1, the heuristic selects a drone route, following the order that the drone routes were created
and skipping those at full capacity. In the selected drone route, if the rendezvous location

is not a launch location of another drone route, the current rendezvous location is moved
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to an adjacent customer in the truck route, as in Figure 13(a). The purpose of the move is
to allow for additional truck travel time to the rendezvous, so that the new drone travel time
will be lower than the new truck travel time from launch to rendezvous after adding
customer j to the drone route. Then, the algorithm checks for feasible insertion locations
within this drone route, as illustrated in Figure 13(b). Note that checkmarks represent
feasible insertions according to the payload management constraints. Then, the heuristic
tests inserting customer j in all feasible positions (considering endurance and payload
capacity) along the drone route and selects the position that increases the drone travel time
the least, as in Figure 13(c). The new drone travel time must still be less than the new truck
travel time from the launch location to the rendezvous location (line 11). If this criterion is
not met, the rendezvous location maintains its original spot and repeats this step with the
next drone route (in the order that the drone routes were created) until customer j is added
to a drone route or all routes are exhausted without a feasible insertion. If customer j has
been included on an existing drone route (line 12), the solution is updated. Otherwise, k is

increased (line 33).

13(a) . Potential Delivery

Customer

Selected drone
route before
changing
rendezvous
location

13(b) ‘ Potential Delivery

Customer

Selected drone v

route after =
changing

rendezvous
location




13(c) ‘ Potential Delivery

Customer

New drone route
after successfully
adding a drone
candidate to an
existing drone
route

Figure 13 Example of adding a potential delivery customer to an existing drone route, first

neighborhood search

4.4.2 Second Neighborhood Search
If k = 2 (line 16), a new drone route with customer j is created following the
procedure detailed above (line 3), except that the acceptance criteria are relaxed to accept

an insertion as long as the drone does not violate the endurance constraint, and the truck

. . . Drone speed
travel time to the rendezvous does not exceed the drone travel time by a ratio of Truck speed”

This means a small amount of truck wait time is acceptable. If customer j is successfully
added to an existing drone route without violating acceptance criteria (line 18), the heuristic
proceeds to update the solution. Otherwise, since customer j was not added to an existing
route nor to a newly established drone route, it moves customer j to W (difficult to schedule

customers) (line 22) and continues to increase the k value (line 33).

4.4.3 Third Neighborhood Search
Finally, if k = 3 (line 24) the algorithm attempts to insert customers in W to
existing drone routes, selecting customers by FIFO order and following the same procedure

as in Section 4.4.1. This process gives customers that could not be added before to a drone
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route a final opportunity. Here, the acceptance criteria are relaxed to accept the move when
the drone does not violate the endurance constraint nor the payload constraints, and the

truck travel time to the rendezvous does not exceed the drone travel time by a maximum

Drone speed

of a ratio of as in line 11. Note that if there has been no change in drone routes

Truck speed’
since the previous attempt in line 24, the algorithm will only process the most recent

customer from W to save runtime.

4.4.4 Time Complexity

We estimate the time complexity of our algorithm by analyzing each step's time
complexity as follows. Starting with Algorithm 4.1, changing the neighborhood (line 2)
has a time complexity O(|C|). Then, the meta-heuristic moves to line 3 and explores the
neighborhood using the heuristic in Algorithm 4.2, which consists of three neighborhood
searches. The first neighborhood search in Algorithm 4.2 has a time complexity of
O(|C|P). The second neighborhood search has a time complexity of O(|C|w), while the
third neighborhood search has a time complexity of O(W). After exploring the
neighborhoods, the heuristic returns solutions to Algorithm 4.1 and verifies if there are
remaining customers in W. If so, it proceeds to line 5, which has time complexity O(W).
Then, the meta-heuristic repeats the whole process again starting from line 2 of Algorithm
4.1 until the termination criteria is met, i.e., reaching maximum number of iterations (J3) or

no improvement over certain number of iterations (3/4).

Therefore, we can estimate the overall time complexity of this meta-heuristic as

oBIC) + o(|IC|PB) + O(|C|lwp) + O(WPB) + O(WP). Because |W| < |C|, we can
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omit the |W| from the equation and rephase the overall time complexity as O(S|C|(P +
w)). Note that the exact method in line 11 in Algorithm 4.1 is exponential with problem

size.

4.5 FSTSP-DR-MP Meta-Heuristic Experimentation

In this section, computational experience is reported. First, we compare the meta-
heuristic with the exact method on small-size instances to assess performance. Second, we
investigate the effect of randomness in the meta-heuristic. Third, we assess performance
on large-size instances. Fourth, we consider the best drone payload capacity for large-size
instances. During preliminary experiments, we extensively tested various combinations of
settable parameters for the meta-heuristic algorithm and identified the most suitable ones,
as follows. We set o to 4 and P to 16,000. These settings allow the algorithm to balance
exploring potential launch and rendezvous candidates and to obtain a sufficient number of
solutions with the maximum number of iterations. We also set ¢ from 30 to 80% and ¢p
from 20 to 70%, respectively. We use this ratio because some customers must be on the
truck route since the drone needs launch and rendezvous locations to create drone routes.
All meta-heuristic experiments are coded in Python 3.6 and run on a Windows 10 Desktop

PC with Intel Xeon W-2295 3.0 GHz and 128 GB Ram.

4.5.1 FSTSP-DR-MP Meta-heuristic vs MILP Model
The meta-heuristic is compared computationally with the MILP model for 10
instances of 10 customers with varying parameters for each instance. Table 14 shows that

the VNS obtains solutions that are on average 4.8% worse than the corresponding MILP
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solution. There is a high percentage of solution overages when there are no return
customers as expected since each drone sortie can hold fewer drone customers. On the
other hand, we can identify a low percentage of solution overages, as low as 1.2%, when
return customers and multiple payloads are considered. These results prove that the VNS
works as intended for solving the FSTSP-DR-MP model where return customers and
multiple payloads are considered. The VNS uses an average runtime of 5 minutes per
instance which is the similar to the CPLEX runtime. However, based on the results, the
longest runtimes for CPLEX and the meta-heuristic are 3 hours and 18 minutes,

respectively.

Table 14 Results for 10 customers averaged over 10 instances

Payload Percentage of MILP FSTSP-DR-MP Percentage of
capacity | return customers average meta-heuristic | solution overages
runtime average runtime compared with

(minutes) (minutes) MILP solutions

0% 24 2.7 4.7%

1 20% 2.8 9.5 4.0%

40% 1.2 29 4.5%

0% 2.1 3.0 10.7%

2 20% 23 10.9 5.1%

40% 2.9 2.8 4.5%

0% 23 3.7 5.5%

3 20% 4.6 8.9 1.2%

40% 18.9 3.3 2.8%

Average 4.8%
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To assess the performance of the proposed meta-heuristic algorithm against the
exact method, a goodness-of-fit testing was conducted. The detailed results can be found
in Appendix 2, Table 2.3. For the computed y? value of 24.559 for 89 degrees of freedom,
the observed probability value (p-value) is greater than 0.995 (Walpole and Myers, 1978).
Therefore, statistically, the effectiveness of the proposed meta-heuristic is not significantly

different than the exact method.

4.5.2 Randomness of the FSTSP-DR-MP Meta-heuristic

To investigate the effects of random seed on the meta-heuristic, we consider
instances of 50 customers, a relatively large size. All assumptions and parameters remain
the same as in Sections 4.2 and 4.3.1, respectively, except that the percentage of return
customers is set to 40% and a 3-payload capacity is used. Choosing these two parameters
at their maximum levels enables more potential savings. Results can be found in Appendix
2, Table 2.4. The average mean absolute percentage error over all instances is 1.8%.
Therefore, we can conclude that the FSTSP-DR-MP VNS is quite consistent relative to

seed.

4.5.3 Scale-up Test of the FSTSP-DR-MP Meta-heuristic

The number of customers was gradually increased to 100, to mirror the typical sizes
of last mile delivery. Trucks from FedEx and UPS tend to perform around 100 stops per
day (Kuo, 2018). All instances have the same customer density, and we consider 10
instances for each number of customers. It should be noted that all parameters are the same

as in Section 4.5.1 except the drone endurance (en) has been increased to 60 minutes to
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match the problem size. For more information on data sets, please see the Appendix 3.1.
We also compare our solutions with the pure TSP solution to evaluate the total service time
savings varying with instance sizes. However, we cannot compare our solutions with the
basic FSTSP model due to its limitation in solving large-size instances. Results are in Table
15 and Figure 14; note that the meta-heuristic can solve instances of 100 customers within
a reasonable runtime. This is workable in a typical last mile delivery operation which plans
routes during an overnight or early morning preparation phase. While the service time
savings increases with instance size, the percent of total service time savings and total truck
travel time of the FSTSP-DR-MP over the TSP solution tends to decrease. This is
consistent with Murray and Raj (2020)’s results on large-size instances but still results in
large operational savings (not to mention the associated environmental benefits). As
expected, runtime goes up linearly as customers increase by an order of magnitude from
10 to 100, as discussed in Section 4.3.3. However, if time is a serious constraint, the VNS
can be terminated early to meet that constraint and still return a very good solution (see

typical runtime progression in Figure 15).

Table 15 Results of scale-up experiments using for a return ratio of 40%

Number of | Average total service time savings of FSTSP-DR- | Average runtime

Customers MP over TSP (minutes)
Percentage | Saving amount (minutes)

10 30.3% 20.5 53

30 29.4% 57.0 20.0

50 22.0% 66.6 54.8

100 14.7% 85.8 193.4
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capacity and return ratio of 40%

4.5.4 Payload Capacity Experiments with Large-size Instances

We investigated the effect of payload capacity on the percentage of customers
served by drones for large-size instances. All assumptions and parameters are the same as
Section 4.5.3 except the payload capacity. The results are shown in Figures 16 and 17. For
every instance size (number of customers), the greater the payload capacity, the higher the
average percentage of customers that rely on drones, as expected. We can clearly identify
the increase of the drone utilization and decrease in total service time due to the increasing
payload capacity. However, the results show that even with a payload capacity of 7, the
number of customers served by drones does not reach its maximum indicating further
possible savings with larger drone capacities than are currently available. However, as

payload capacity is increased, the average number of customers served by drones increases
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at a marginally diminishing rate. Because a drone does not use its additional payload
capacity on every drone sortie, the total time savings of the system trends at a diminishing

rate as well.
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Figure 16 Average number of customers served by drones of varying instance sizes and

payload capacity
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4.6 Conclusion

As online purchases proliferate, so do the adverse environmental impacts of home
or office delivery. A more sustainable option is to use efficient electrical vehicles such as
drones. Drones have the additional advantages of being autonomous and being able to
travel in direct, traffic-free routes. When integrated with traditional delivery vehicles such
as trucks or vans, the resulting system is both practical and more sustainable. Our approach
adds the important but heretofore neglected aspect of returns. Returns are very common
with online shopping (even more than with in person shopping) and they are problematic
for customers and expensive for sellers. We propose a new model to integrate delivery and
return operations, combining trucks and drones with multiple payload capacity, termed the
Flying Sidekick Traveling Salesman Problem Integrating Deliveries and Returns with

Multiple Payloads (FSTSP-DR-MP). This significantly expands the current last mile drone

103



delivery literature by modeling and solving a mathematically complex but also very

practical situation which combines both delivery and return customers.

We formulate this model as a mixed-integer programming model based on Murray
and Chu (2015)’s FSTSP model with additional constraints to handle parcel return and
delivery-return operations using drones, as well as drones with multiple payloads. While
the model can be solved exactly for very small-size instances, we turn to meta-heuristics,
namely the Variable Search Neighborhood or VNS paradigm, to solve situations of realistic
size. This meta-heuristic can obtain solutions with a mean optimality gap of just 4.8% on
10-customer instances. Moreover, it is not very sensitive to randomness and can handle

realistic problem sizes of up to 100 customers quite quickly.

We measure the performance of our MILP in terms of the percentage of total service
time savings and total truck travel time, using both the standard TSP and the iconic FSTSP
as benchmarks. Total time savings is highly correlated with total truck travel time, and this,
in turn, is highly correlated with emissions and use of fossil fuels. The number of return
customers and payload capacity of the drone affect the reduction in total truck operation
time and total service time of the FSTSP-DR-MP when compared to these baselines, as
expected. The results generated from the numerical experiments on 10-customer instances
show that the FSTSP-DR-MP can reduce emissions from diesel (or gasoline) engines up to
36.2% and 22.9% when compared to the TSP and the FSTSP, respectively. Moreover, this
occurs with an impressive reduction of overall service times, up to 32.5% and 18.3%,

respectively, compared to the TSP and the FSTSP.
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This chapter provides significant evidence that by enriching the FSTSP-PD model,
originally presented in Chapter 3, with a drone capable of carrying multiple payloads, we
can achieve substantial improvements in overall service time savings. Consequently, the
challenge lies in further exploring the potential of utilizing multiple drones within last-mile

logistics.
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Chapter 5

Drone Pickups and Deliveries with Time Windows for Medical Purposes

5.1 Introduction

In the previous two chapters, we explored the potential of integrating a drone into
last-mile logistics with return and delivery functions. We found that using a truck-drone
tandem can reduce total service time and total truck travel time. In this chapter, we explore
another potential of using a truck-drone tandem last-mile pickup and delivery involving
the synchronization of a truck and multiple drones, with time windows, for delivering
parcels of medications and other medical supplies, termed the Multiple Flying Sidekick
Traveling Salesman Problem Integrating Pickups and Deliveries with Time Windows
(MFSTSP-PD-TW). We expect the MFSTSP-PD-TW can reduce the total service time
with respect to the traditional Traveling Salesman Problem with Pickups and Deliveries
(TSPPD) with only one truck. Note that the problem is different than the previous two
chapters. That is, instead of having all parcels for delivery available at the depot and return
parcels from customers headed back to the depot at the end of the day (as in the previous
two chapters), here, all parcels are picked up from designated locations, which are the depot
and pharmacies, and delivered to patients. Note that this chapter involves delivery only —

no pickups from customers are allowed.

We consider one truck and multiple drones to serve all pickup and delivery

locations. Each drone can carry multiple payloads at a time. An example of the routing of
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one truck and two drones is illustrated in Figure 18. If the model has more than one drone,
it could yield five possible scenarios for picking and delivering a parcel, as follows; 1) The
truck picks up the parcel and delivers it to the patient, 2) The truck picks up the parcel and
a drone delivers it to the patient, 3) A drone picks up the parcel and the truck delivers it to
the patient, 4) A drone picks up the parcel and delivers it to the patient, and 5) A drone

picks up the parcel and another drone delivers it to the patient.

Scenario Routing example Figure
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A drone picks up the parcel and another drone delivers it to the
patient.

A Pickup Parcel
‘ Delivery location
‘ Delivery Parcel

Legend <— Truck route

Figure 18 Possible scenarios for pickup and delivery sequences

Since this chapter focuses on medical application, we distinguish parcels into two
types; prescriptions and non-prescription medications. Prescription medications need to be
prepared by a certified pharmacist and delivered within specific time windows, requiring a
higher degree of logistical precision. On the other hand, non-prescription medications
typically do not require such time constraints, allowing for greater flexibility in their
delivery. Note that we also allow each patient to receive multiple parcels from different
pharmacies since some neighborhood pharmacies may not be able to issue certain patient
prescriptions due to the supplier’s availability. We also assume some non-prescription
parcels are available at the truck’s starting location at the beginning of the day. By
incorporating these elements into the proposed model, a more accurate and comprehensive
solution to the problem of efficient medical delivery and pickup operations significantly

enhance real-world applicability and effectiveness.

By integrating multiple drones into last-mile pickup and delivery services, we can

reduce the total service time tremendously compared to standard pickup and delivery
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approach (TSPPD) with one truck only. In figure 19 show the route examples of the
MFSTSP-PD-TW versus the TSPPD on the same instances. For this example, the
MFSTSP-PD-TW with multiple drones can reduce the total service time up to 33.4% and

41.3% compared to the MFSTSP-PD-TW with one drone and the TSPPD, respectively.

Model Routing example Figure
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Figure 19 An example of MFSTSP-PD-TW versus TSP-PD on a small-size instance
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The remainder of this chapter is organized as follows. In Section 5.2, we discuss
assumptions and develop the mathematical model using a mixed integer linear
programming (MILP). In Section 5.3, we propose an alternative method with a variant of
the well-known SA, meta-heuristic, tailored to this problem to tackle the runtime issue
from the MILP on realistic-size instances, 100 nodes. Then, we evaluate the proposed

MILP and meta-heuristic by conducting experiments on realistically sized instances in
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Section 5.4. Lastly, the conclusions and future research directions are presented in Section

5.5.

5.2 Mathematical Model for the Multiple Flying Sidekick Traveling Salesman

Problem Integrating Pickups and Deliveries with Time Windows

The model aims to optimize the delivery process by minimizing the latest arrival

time of both the truck and drones at the depot after serving all patients. Below, we will first

outline the main assumptions that underpin the formulation, followed by a description of

the key decision variables and constraints.

5.2.1 Assumptions and Notation

1)

2)

3)

4)

5)

6)

There is one truck, one depot, multiple pharmacies, multiple patients, and
multiple drones.

The objective is to minimize the latest arrival time of the truck and drones at
the depot after serving all patients.

The truck and all drones begin and end the day at the depot. Note that in our
model formulation, we use two nodes to represent the beginning (node 0) and
ending of the routes (node ¢ + 1), even though both represent the same depot
location.

Each parcel’s origin (pickup location) and destination (delivery location) are
known in advance.

Each drone can carry multiple payloads.

The truck has unlimited capacity.
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7)

8)

9)

10)

11)

12)

13)

14)

15)

16)

17)

18)

19)

The speed of the truck and drones are constant.

Not all patients can be served by the drones due to physical constraints and
weight restriction of parcels.

All pharmacies are drone-eligible locations.

All drones are identical and have a fixed flight endurance (measured in flight
time).

If the drones arrive at the rendezvous location before the truck, they wait by
hovering in the air.

When the drones are hovering, they use the same amount of energy as when
they are flying.

The drones use the same amount of energy when they have payload(s) or are
empty.

Each drone battery is replaced before launching to ensure fully charged
batteries at each sortie.

All drones must depart patient locations immediately after delivering parcels.
Each vehicle can visit the same location multiple times.

There is a fixed time, regardless of how many parcels are loaded or unloaded,
to account for the launch and retrieval processes of each drone.

After a drone is loaded with parcels at a pharmacy, it does not have to depart
immediately. However, it must be launched before the truck leaves that
location.

Some non-prescription medications are available at the depot at the beginning

of the day, which can be picked up and delivered immediately.
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20) In common practice, refilling an empty prescription bottle is not
recommended due to the risk of contamination. To prevent this, we do not
allow pickup services at any patient locations, as this could lead to the return

of empty bottles to the pharmacies for refilling.

Definition of sets

V:

B:

All vehicles, which are {truck, drone,, drone,, drones, ..., drone|p|}
All drones, which are {drone;, drone,, drones, ..., drone g, }

All nodes, which are {starting depot, customery,phamacy,,
customer,, phamacy,, ..., customer,, phamacy,, final depot}
All nodes except the final depot

All nodes except the starting depot

All nodes except the depot

All drone eligible locations except the depot

All pharmacies

All patients

All drone eligible patients

A set of patients who expect parcels from nodes j € R

A set of patients who expect parcels from the depot

Definition of decision variables

xl-j:

Indicates whether the truck travels along arc (i,j) € N Binary
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Yijp:

Zikb:

<
~—

daib:

P-Rijv:

PPijv:

iryr .
Dt'typ p,:

FIE! .
Dt'typ.p,:

Indicates whether drone b € B travels along arc (i,j) € N
Indicates whether the drone b launches at location i and
rendezvous with the truck at location k where (i, k) €

N,b €B

Arrival time of the truck at location i € N

Actual time that pickup/delivery occurs by the truck at
locationi € N

Departure time of the truck at location i € N
Arrival/rendezvous time of drone b € B at location i € N
Departure time of drone b € B at location i € N

The time when drone b € B at location i € N is loaded with
parcels and thus ready to launch.

Indicates whether drone b € B is ready to be launched from
the truck at location i € N

Eligibility of vehicle v € V, which arrives at location i €
Ny, to serve delivery location j € D

Eligibility of vehicle v € V, which departs from location i €
N, to serve delivery location j € D

Indicates whether drone b, € B arrives at rendezvous
location k € N, before drone b; € B

Indicates whether drone b, € B is loaded with parcels at

rendezvous location k € N, before drone b; € B
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Fryr .
Dt tkblbz .

Z0ikb,p,"

cdip:

CPip:

cpdip:

APjyp

STibI

Indicates whether drone b, € B arrives at rendezvous
location k € N, before drone b; € B is loaded with parcels
Indicates whether a parcel for patient k € D has been
loaded onto drone b; € B before drone b, € B rendezvous
with the truck at location i € N,

Indicates the number of parcels, loaded from the truck, that
drone b € B has delivered during this sortie up through
patient i € N for this sortie

Indicates the number of parcels that drone b € B has picked
up in this sortie through patient i € N for this sortie
Indicates payload availability status of drone b € B at
patienti € N

Indicates drone b € B at location i € N has picked up a
parcel for delivery patient k € D

Indicates drone b € B at location i € N cannot perform
delivery with parcels loaded from the truck due to

insufficient payload capacity

Definition of parameters

Tij:

lj:

Truck travel time from locations i to j where (i,j) € N, Manhattan

distance

Drone travel time from locations i to j where (i, j) € N, Euclidean

distance
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S: Fixed time for launching or retrieving a drone at any location in N

en: Maximum endurance time for each drone sortie

start;: The earliest time that location i € N, can be served

end;: The latest time that location i € N, can be served

P: Maximum payloads that the drone can carry at a time

M;: A large number, greater than the largest possible service time
M,: An integer number greater than 2P

c: The total number of pickup and delivery locations

5.2.2 Mathematical Model and Model Description

In this mathematical model, we focus on minimizing the latest arrival time of the
truck and drones at the depot after serving all locations. We split constraints into seven
groups; flow constraints, time constraints, drone availability constraints, pickup and
delivery sequence constraints, payload management constraints, miscellaneous constraints,

and valid inequality constraints.

5.2.2.1 Objective Function

Objective Min f.4q (90)

The objective for the proposed model is to minimize the arrival time of all vehicles,
v € V, at the depot after all deliveries take place. That is, the last vehicle to arrive at the
depot could be either one of the drones or the truck. However, we can simplify this

objective into a more straightforward version by tracking the time when all the drones have
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rendezvoused with the truck at the depot, as indicated in the equation (90). Note that this

approach yields the same objective value as the arrival time of all vehicles at the depot.

5.2.2.2 Flow Constraints

Zxoj ~1 ©1)

JjEc
ij,c+1 =1 92)
jec
inj=2xjk ;VjEC
feNo KEN, (93)
i#]j k+j
LENg beB IENy bEB IEN, %94)
i#j i#j i#j
zytjb—zzubﬁ zyjkb_ Z Zimp ;VjECbEB o
iENO lENO kEN+ mEN+ ( )
i#j l#j k+j m#j
z Zikb < Zyjkb ;Vk € N+,b €ERB (96)
iENO ]EC
i*k j*k
Z Zikb < Zyijb ,Vl € N();b € B (97)
kEN; JEC
ik j*k
Z Zikp = lei ;VieC,beB
KEN, [EN, (98)
k+i 1#i
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inj+zyilb _]‘Szzikb ;ViENO,bEB

JEN, [EN, kKEN,
J#i 1#i k=+i

z Yikp = Z Zyp ;Vk€NN\C,b€EB

JEN LEN,
j*k i*k

ZZika thi-l_lek ;ViEC,kEN+Ik¢i,bEB

REN, leEC
h#i l#k
h#k

Zoka thk ;kEN+,bEB

REN,
h#k

Z Zl'ka]- ;ViENO,bEB

k+i

Zzika]. ;VkEN+,bEB

{EN,
ik

1_Zikb Zyikb ;Vi ENO,k€N+:k:/: l,b EB

(99)

(100)

(101)

(102)

(103)

(104)

(105)

We enforce constraints (91) and (92) to ensure that the truck leaves and enters the

depot. We introduce flow constraint (93) to mandate that the truck leaves each location that

it enters. Constraint (95) maintains flow balances for drones at each location. Constraint

(94) allows each location to be served only once, either by the truck or by the drones.

Although, as mentioned in the assumptions in Section 5.2, each location can receive or

send multiple parcels. We require each drone to leave and return to the truck according to

constraints (96) and (97), controlling the value of z;;, = 1 where i € Ny, k € N,,b € B.

The truck must visit a launch location whenever a drone needs to be launched, as stated in
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constraint (98). Constraint (99) prohibits the truck from launching a drone when z;;;, = 0.
Constraint (100) prevents drones from visiting patients in C’, as not all locations can be
served by drones. The truck must go to a rendezvous location when the rendezvous process
occurs for each drone, as in constraints (101) and (102). Constraints (103) and (104)
prevent drones from launching and rendezvousing multiple times at the same location.
Constraint (105) ensures that the drone does not fly directly to the rendezvous location after

being launched without visiting any location in its sortie.

5.2.2.3 Time Constraints

ty =L +S— M 1_Zzikb ;VieC,bEB (106)
k+i
thy < ti+M; | 1- z Ziyp | ;ViENybEB (107)
KEN,
k+i
tip = U + S — My l_zzikb ;VkeC,b€EB (108)
IEN,
ik
tp <t + My 1—22ikb ;Vk € N,,b €EB (109)
[EN,
i*k

f{b2f2b+22ikb5 ,VlENO,bEB

e (110)
k#i
ti, >t ;Vi€Ny,b€EB (111)
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tip = L, + Tjp + Z Zigy S — My (1 — Yjkp)
{en,
i)k (112)
;ViENy,k €EN:k#j,bEB
%k2£h+Thk—M1(1—xhk) ,VhENO,kEN+k¢h (113)

thy —t, <en+M;(1—2zy,) ;Vi€ENy,k€N,:k+i,b€EB (114)

M X’ Xryr

tkp, — lkp, =S — My | 3— Z Zikp, — Z Zikp, = Dt tkp,p,
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MEN4 {EN, (119)
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te>% ;keN, (121)
te =% ;keN, (122)
te <t ;keN, (123)
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{€N,
izk
bEB jEN,
#,=0 ;VYbeEB (126)
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t; = start; Z x; | ;VIieEC (129)
[EN,
1%
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Since there are interactions between the truck and drones for loading and unloading
parcels during the launch and rendezvous processes, departure and arrival times must be
synchronized using constraints (106) - (109). During the launch process, constraint (106)
only allows each drone to be loaded with parcels after the truck arrives at the launch
location. The drone that has been loaded with parcels must leave before the truck leaves
the launch location due to constraint (107). Similarly, for the rendezvous process, each

drone is retrieved by the truck after the truck arrives at the rendezvous location, as in
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constraint (108). Also, all drones that are expected to rendezvous with the truck at this
location must be retrieved by the truck before it leaves, as in constraint (109). As mentioned
in the assumptions in Section 5.2, drones that are loaded with parcels do not have to launch
immediately. Thus, we employ constraints (110) and (111) to accommodate this feature.
Constraints (112) and (113) govern the travel time of the truck and a drone, respectively,
moving from location j € Ny to k € N,. Each drone has limited flight endurance, governed
by constraint (114). With one truck driver and multiple drones, only one drone can be
loaded with a parcel or retrieved during the rendezvous process at a time. We enforce
scheduling constraints (115) - (120) to enable the loading and unloading processes to occur
sequentially. Constraints (115) and (116) prevent collisions and ensure that multiple drones
cannot rendezvous with the truck simultaneously. Similarly, constraints (117) and (118)
prohibit the truck driver from loading parcels into several drones simultaneously. Finally,
constraints (119) and (120) prevent the truck driver from retrieving one drone while
simultaneously loading parcels into another. Constraint (121) mandates that the truck’s
departure time must be greater than its arrival time at each node. If the truck arrives at a
delivery location before a drone arrives with parcels for that destination, constraints (122)
- (124) ensure that the actual delivery time occurs after the drone’s arrival. Note that if a
drone rendezvous with the truck while carrying a parcel for this rendezvous location, the
actual delivery time must occur after the drone has rendezvoused with the truck, as in
constraint (124). Constraints (125) and (126) govern the starting time of the truck and
drones at the depot. To guarantee that all pickup and delivery patients receive services
within their time windows, constraints (127) - (130) ensure that the actual service time at

each location occurs between the earliest and latest available times. To represent parcels
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without time windows, such as non-prescription medications, these constraints can still be
applied by creating dummy time windows between zero and infinity. This method ensures

that non-prescription parcels will be available for pickup and delivery services at any time.

5.2.2.4 Drone Availability Constraints

Z Yikp < da;, ;Vi€ Ny, b€B

=, (131)
i#k
dag, =1 :Vb € B (132)
dajb < daib +]11-— xl-j + z Z1jp + z Vikb
[EN, KEN, (133)
1#j k#1i,j
Vi €N, jEN,bEB
daj, =day, — | 1—x;; + Z Zijjp + Z Yikb
LEN, KEN, (134)
1#j k#1i,j
:Vi €Ny, jEN,,b€EB
Z—xij—ZZikadajb—ZyUb ;Vl'ENO,].EN_l_:j:/:i,bEB
(e, e, (135)
i+k 1#j,i
Z Zevrkh =0 SKEN (136)

beB

We define da;, =1, where i € N,b € B , represent drone b being available for
launch from location i. Constraint (131) prevents drone b from launching when da;;, = 0.

The initial value of da;, at the depot is set to 1 by constraint (132). If drone b is not
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launched immediately at the depot, it carries the potential to be launched at the other nodes
visited by the truck according to constraints (133) and (134). Whenever drone b is
launched, constraint (135) sets the value of da;;, to 0, where i is the next truck successor
node, preventing launching drone b again without it being in the truck, except in scenarios
where drone b rendezvous at the truck successor node. Also, if drone b has launched but
has not yet returned to the truck, constraints (133) and (134) retain the value of da;, = 0
until drone b rendezvous with the truck. Finally, constraint (136) ensures that once drone

b reaches the depot, it cannot be launched again.

5.2.2.5 Pickup and Delivery Sequence Constraints

—
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;VkEN+,b1 EB,bz EB:bz ibl,nEDnik

We use PRjj, and PRj;, , where i € Ny, k € D,v € V , to represent eligibility of
vehicle v to serve delivery patient k when the vehicle has just entered or is about to leave
location i, respectively. At the depot at the beginning of the day, all values of PRy, and
PRy, are set to 0, except for parcels present already, as in constraint (145). Constraints
(137) - (144) ensure that we retain the PR;;,, and PR, values until vehicle v at location i
picks up a parcel for delivery patient k. Constraints (137) and (138) ensure that if vehicle
v does not leave location i, PR;x,, will be 0. Likewise, constraints (139) and (140) ensure
that if vehicle v does not enter location i, PR;;, will be 0. If vehicle v enters and leaves
location i with a parcel for patient k, PR;;, will be 1 with constraints (141) and (142).
Constraints (143) and (144) retain the capability of vehicle v to serve patient k when
vehicle v travels from location i to j. To prevent the truck and drones from visiting delivery
locations without having picked up their parcels beforehand, constraints (146) - (149)
ensure that at least one vehicle must visit these pickup locations before arriving at delivery
locations. That is, if vehicle v does not carry the parcel for patient j, it is not allowed to
visit patient j unless patient j is also a rendezvous location and one of the vehicles involved

in the rendezvous process carries the parcel.

The most complex scenario for pickup and delivery of a parcel is presented in

Figure 18(e) where two drones interact with each other in terms of parcel transport. We

125



enforce constraints (150) and (151) to synchronize PR;, and PRj,, ensuring that all

vehicles leaving location i are eligible to serve patient k. Note that ZO;y, p, , Where i €

Ny, k & D;, b, € B,b, € B , represents whether the parcel for patient k has been loaded
onto drone b, before drone b, arrives. That is, in the scenario in Figure 18(c), where the
second drone leaves before the first drone arrives at the launch location, the second drone
cannot deliver parcels that have not been retrieved from the first drone. However, if the
second drone is expected to deliver the parcel to the patient, constraints (152) and (I53)
ensure that the second drone is loaded with the parcel and launches only after the first drone

has rendezvoused with the truck.

5.2.2.6 Payload Management Constraints
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Payload management constraints are essential for last-mile pickup and delivery
models with capacitated payloads. In each drone sortie, each drone can perform three types
of moves for each payload; 1) the parcel is loaded on the drone during the launch process
and delivered to the patient, 2) the parcel is picked up by the drone and delivered to the

patient in the same drone sortie, or 3) the parcel is picked up by the drone and delivered to
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the truck driver during the rendezvous process. Each scenario will use one payload capacity
per parcel until the parcel is delivered or the parcel is returned to the truck. Therefore, it is
essential to differentiate between the parcels loaded by the truck driver during the launch
process or just recently picked up during the drone sortie. Variables AP;;;, , where i €
Ny, k € D, b € B, indicate whether the parcel for location k has been picked up during the
current drone sortie or not. At the beginning of each sortie, we set AP;;;, to 0 since the
drone has not visited any pickup location yet, as in constraint (154). After the drone is
launched and picks up a parcel for location k, at location i, we set AP;;, to 1 with constraint
(155) to indicate that this drone has the parcel for location k. We also use flow constraints
to retain the AP;;;, value at each location i visited by the drone, until the parcel reaches its
delivery location k during this sortie with constraints (156) - (159). However, if the drone
does not deliver this parcel to location k during this sortie (but returns with that parcel to
the truck), then we reset AP, to 0 whenever the rendezvous occurs with constraint (160).
It is necessary to set AP;;;, = 0 during the rendezvous to indicate that the parcel for location
k that will be delivered later in the route will not be picked up by the drone during any

subsequent sorties.

To track the current drone payload at each stop, we use cd;j, cp;p, and cpd;;, where
i € Ny, b € B. cd;;, represents the number of parcels loaded onto drone b during the launch
process of the sortie visiting location i that have been delivered in the sortie through
location i. Similarly, cp;; tracks the number of parcels that drone b has picked up in this
sortie through visiting location i. Finally, cpd;;, tracks the maximum value of cp;;, in this

drone sortie through location i, which represents the total payload capacity used so far (in
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the current drone sortie) for picking up items. Note that cd;;,, cp;p, and cpd;;, and the
constraints discussed below are derived from Yanpirat et al. (2023), with some
adjustments. When the drone serves a pickup location, cp;;, increases by 1 to indicate a
parcel has been picked up, as in constraint (161), while cd;;, remains the same since no
delivery task can be performed at pickup locations with constraint (162). Two possible
scenarios exist when a drone visits a delivery location; the parcel comes from a recent
pickup during this drone sortie, or the parcel comes from the truck. Under the first scenario,
we increase cd;, by 1 with constraint (163). Under the second scenario, we maintain the
value of cd;;, and reduce cp;;, by 1, as in constraints (164) and (165). cpd;; keeps track of
the maximum value of cp;;, from the launch location to the current location in the sortie,
as in constraints (166) — (169). cpd;;, will be used until constraint (170) is triggered, that
is, when LHS is equal to zero. STj, , where j € C',b € B, is a triggering decision variable
used in constraints (166), (168), and (169) and then becomes zero. In other words, cpd;,;,
will no longer be tracked since this second scenario cannot occur anymore. This means the
drone cannot perform any more delivery services with parcels loaded from the truck during
the launch process since those parcels have been delivered. Nevertheless, the drone could
still pick up additional parcels in this sortie (not from the truck) and deliver them before

the rendezvous with the truck.

To illustrate, we have simulated this scenario where constraint (170) is triggered in
Figure 20. After the drone (with a payload capacity of 2) serves the fourth location,
constraint (170) is triggered to indicate that the drone cannot perform anymore delivery

services on this sortie with parcels loaded from the truck during the launch process. That
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is, a scenario in Figure 20(b), the drone sortie would be infeasible because the drone cannot
visit a fifth location for a delivery service without exceeding the payload capacity. Recall
that this drone can only carry two parcels at a time. This means the two delivery parcels
for the first and fourth customers fully occupy the drone capacity during the launch process.
As a result, there are two options available for this sortie. The drone can go directly to a
rendezvous location to pick up more parcels, as shown in Figure 20(a), or pick up more
parcels and deliver them before going back to rendezvous with the truck if it does not

violate the drone endurance constraint (114), as in Figure 20(c), when constraint (170) is

triggered.
Figure Drone sortie example with payload capacity of 2 parcels Feasibility
170 is triggered
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— Parcels picked up and A\ Parcels picked up during the

immediately delivered during sortie
' the sortie

‘ Parcels loaded from the truck
and delivered during the sortie

Figure 20 Feasibility maintenance in each drone sortie

Remark

Note that cd;y, cp;p, and cpd;;, cannot exceed the maximum payload capacity of

the drone, as in constraints (171) - (173). Additionally, these values will be reset to 0

whenever a rendezvous occurs, as in constraints (174) - (176). This reset is necessary to

prevent these decision variables from carrying their values over to the subsequent drone

sortie.

5.2.2.7 Miscellaneous Constraints
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f,iblflibfib =0 ;iEN,b €EB (187)

We employ constraints (177) - (179) to avoid assigning routes to the truck and
drones that form a subtour with the same location. Since we duplicate the depot as two
nodes, constraint (180) prevents the drone from returning to the starting depot node. We
also declare binary decision variables and non-negativity constraints for continuous

decision variables with constraints (181) - (187).

5.2.2.8 Valid Inequality Constraints

fevr 2 Z Z(Z XijpTij + 28 Z Zikp) (188)

bEB iEN, jEN, KEN,

R 189

leyr 2 z (z YijpT'ij + 28 z Zikp) Vb EB (189)
i€Ny jEN, KEN,

teyr = start; + min(t{ 41 + S, Ticq) VIEC (190)

feyr = start; + Ty ;Vi€C\C (191)

To improve the overall runtime of the MILP model, we introduce valid inequality
constraints, as found in Luo et al. (2021), Bruni et al. (2022), Tamke and Buscher (2021),
and others, which prove to be effective in addressing runtime issues related to constructing

truck and drone routes. Hence, we adapt these constraints to our model as follows.

Constraints (188) and (189) provide valid lower bounds for the latest arrival time
at the depot. Constraint (188) indicates that the tour completion time must be greater than

or equal to the truck route, assuming the truck never waits for each drone during the launch
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and rendezvous processes. On the other hand, constraint (189) represents the tour
completion time when all sorties of a drone are connected, assuming launch and
rendezvous occurs without waiting for the truck. Lastly, constraints (190) and (191) ensure
that the earliest arrival time at the final depot must not occur before the truck or drone

serves the node with the latest earliest available time.

Note that this proposed mathematical model considers hard time windows and does
not allow soft time windows with penalty functions. However, this could be modified with

only minor adjustments.

5.3 Meta-heuristic Solution Approach

The exact method, described in Section 5.2, struggles to find optimal solutions
within a practical runtime even for small-size instances (see runtimes in Table 16). We
adapted the proposed VNS from Chapter 4 to solve the MFSTSP-PD-TW model. However,
extensive numerical experiments showed that VNS had an average optimality gap of
11.6%, which is not desirable. Thus, we devised a meta-heuristic for the MFSTSP-PD-TW,
a variant of SA, a well-known meta-heuristic used for addressing combinatorial problems
in last-mile logistics, as demonstrated by Yu et al. (2022), Moshref-Javadi et al. (2020),
and Lu et al. (2022a). In terms of solution quality, the SA has an average optimality gap of
only 0.6%, while maintaining similar runtimes to the VNS. These findings are based on
our numerical experiments on 12-node instances under assumptions from Section 5.2.1,

excluding time windows constraints.
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Given the outstanding optimality gap of the proposed SA, we assessed its
compatibility with the problem in Chapter 4. The results indicate that the SA performs
similarly to the VNS, slightly outperforming the VNS by 2.6% on 10-node instances and
by 2.5% on 100-node instances, while maintaining similar runtimes to the VNS. In
consequence, since the SA did not greatly outperform the VNS, we did not replace the

VNS with the SA in that chapter.

The decision variables for this SA consist of truck and drone routes. To incorporate
the constraints from the MILP model into the SA, every constraint from the MILP is
included. However, we allow the SA to search infeasible regions as well. Specifically, we
allow each solution to breach time window and drone endurance constraints while
penalizing the objective value proportionately to the magnitude of the violation. Note that

the proposed SA only returns the best-known feasible solution at the end of the algorithm.

To encode the solution, we have a string to define the truck route, as illustrated in
Figure 21. The first and last places represent the depot, while the intermediate places
represent the truck stops in sequence. In contrast, we have an array structure to encode a
drone solution, as illustrated in Figure 22. Each row corresponds to an individual drone
sortie, with the first three columns representing the drone index, launch location, and
rendezvous location, respectively, while the fourth and subsequent columns represent the
pickup and delivery locations of each drone sortie, in the order visited. For instance, in the
first row of Figure 22, a drone with an index of 1 departs from the depot and serves

locations 6 and 8, in order, then it rendezvous with the truck at location 7. Note that pickup
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and delivery locations are different, so it is not necessary to indicate the service type in the

solution.

Drone Launch

i . Rendezvous
index location

location

Pickup and delivery locations

Depot Depot /—'—\
‘ ‘ [[1I OI 7) 6; 8; X, X, X], -— 1stsortie

[1, 7, 10, 9, X, X, X, X],-— 2" sortie

[0, u 10] [...],

Pickup and delivery locations [2’ 7’ 10’ 1’ 2’ 3’ X, X] ] — Last sortie
Figure 21 Encoding of a truck Figure 22 Encoding of a drone solution
solution

To compute the objective value, if no drone sorties exist, the SA calculates the total
truck travel time by summing the travel times between all adjacent locations of the truck
route. If there is at least one drone sortie, we must account for all time constraints as
described in Section 5.2.1, such as no drone can be launched until the truck arrives at the
launch location, the drone must depart before the truck departs, the drone can only
rendezvous with the truck after the truck arrives at a rendezvous location, etc. By tracking
these activities, we can determine which drone is available for subsequent launches at a
specific time and location. In situations where multiple drones request to launch or
rendezvous from the same location simultaneously, we use a uniform random distribution

to establish the order of these processes.
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There are time windows to ensure that each location receives service within the
specified timeframe. For instance, if a vehicle (either a truck or drone) arrives at a location
too early, it must wait until the time window commences to make the delivery. Conversely,
if the vehicle arrives late at a location, the difference between the time window and the
vehicle's actual arrival time is used to penalize the objective value based on the total
duration of the violations. A similar penalty is applied if a drone sortie’s travel time exceeds
the drone endurance limit. We sum up both violations and refer to the result as the total

violation amount, w.

We strictly enforce the payload management constraints and pickup and delivery
sequence constraints. These constraints are enforced by construction, that is, the initial
solution observes them, and any new solutions constructed during the process are created
in a way that preserves them. Please note that subtour elimination constraints are not
necessary in this SA, as the proposed encoding inherently prevents subtours. The
pseudocode for the SA algorithm is presented in Algorithm 5.1 using the notation

introduced for the MILP in Section 5.2.

Algorithm 5.1 MFSTSP-PD-TW

Require: patients (C, C'); parcel destination (D;); cost matrices (, 7'); drone endurance (en);
drone launch and retrieval times (S); maximum payloads per drone (P); total number of
restarts (k); starting temperature (T); cooling schedule («); time windows of each location
(start, end); total drones (T D); maximum runtime (T;,4,)
1 repeat
So, W < CreatelnitialSolution(C, C', , D;)
T « Ty, S < Sg,Ww < Wy
repeat

candidate < FindCandidate(s)

if candidate is in an existing drone route then

s",w" « Insertion(C, C', 7, ', en, S, start, end, P, candidate, s)
else

0O\ L KW

138



10
11
12
13
14
15
16
17

18
19
20
21
22
23
24
25
26
27
28
29
30
31

s',,w', « Insertion(C, C', 7, 7', en, S, start, end, P, candidate, s)
s'5,w's « CreateNewSortie(C,C', 7, T/, en, S, start,end, TD, P, candidate, s)
s',w' < Min (f(s'2), f(s3))
end if
if f(s") > f(s) then
ifw > 0and w' == 0 then
s,wes',w
elifw>0andw’' > 0 and w' < w then
s,wes,w

_fD-r©
elif U(0,1) <e T

s,wes',w
end if
else
s,wes',w
end if
if f(s") < f(s*) and w' == 0 then
s* s
end if
T < aT
until stop
until restart > k
s* « RemovelnefficientSortie(t, ', S, start, end, s™)
return s*

The SA starts at the outer-most loop by generating an initial solution using the

CreatelnitialSolution function, as indicated in line 2. This function takes C,C’, T, D; as

inputs and returns a truck-only solution, sy, with penalty of wy in case of exceeding the

time windows, either from the Lin-Kernighan-Helsgaun version 3 (LKH-3) algorithm or

by randomly generating a truck solution containing all locations, depending on the user’s

settings. For the LKH-3 approach, we enforce both time window and pickup and delivery

constraints, favoring exploitation in the search. On the contrary, a randomly generated

truck solution is more exploration driven, taking into account only pickup and delivery

constraints while disregarding time window limitations. To balance exploration and

exploitation, an implementation of this SA algorithm can do multiple restarts, using LKH3
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once and using random solutions in other restarts. In line 3, the SA then defines the current

temperature, current solution, and current penalty as T, s, w, respectively.

The SA enters the second loop and advances to line 5, where it randomly selects a
node that can be part of either the truck or a drone route. If the chosen node is currently a
launch/rendezvous location, the SA attempts to find a new launch/rendezvous location for
those sorties by relocating them to adjacent locations in the truck solution. If the attempt is
unsuccessful due to a nearby location also being a launch/rendezvous location of the same
drone, the SA repeats line 5 until an appropriate node is selected. If the candidate node
currently resides in a drone sortie, the Insertion function is applied in line 7. This function
accepts (C,C', 1, t',en, S, start,end, P, candidate, s) as inputs. This move operator
attempts to insert the candidate into all existing drone sorties and all possible locations in
the truck route to locate the best possible location in terms of objective value, s’, after being
penalized by the penalty w' for violating constraints. Then, it returns the best truck and
drone solutions, along with the penalty value (if the best solution is infeasible). When
attempting to insert this candidate into another drone sortie, all possible permutations are
evaluated to ensure the shortest flight duration and lowest penalty from time window
constraints while maintaining payload management constraints. Solutions with total travel
time exceeding the drone endurance, en, due to violated time window constraints are still
accepted. Note that exploring all permutations, exhaustive neighborhood search, is not

commonly found in the standard SA, which typically accepts the first possible move.
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If the candidate node resides in the truck route, the SA proceeds to lines 9-11, where
the Insertion and CreateNewSortie functions are applied to find the new best possible
location for the candidate. Note that the insertion operator works the same way as in line
7. For the other function, creating a new sortie, the SA identifies the potential launch and
rendezvous locations, while ensuring that total sortie time without considering time
windows constraints, does not exceed en. However, the drone availability constraints (131)
- (136) from Section 5.2.2.4 must be maintained to avoid launching a drone without having
it available, leading to infeasible solutions. Then, the SA evaluates solutions in line 11 with
the Min function where it takes (f(s';), f(s';)) as inputs and returns the best solution,
characterized by the lowest objective value after penalties for exceeding time window and

drone endurance constraints.

After acquiring a new solution, the SA compares it with the starting solution of the
current iteration, s, in a series of conditional clauses in lines 13-23. If the newly obtained
solution has an equal or better objective value after being penalized for violating
constraints, the SA automatically accepts this solution in line 22. Otherwise, we use an
adapted version of Superiority of Feasible Solutions based on Deb (2000) to evaluate the

solution with the following criteria, applied in order:

1) If the solution at the start of this temperature stage is infeasible, wy # 0 and the

newly obtained solution is feasible, if w' = 0, the SA automatically accepts the

new solution, in line 14.
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2) Ifthe solution at the start of this temperature stage is infeasible, that is wy # 0, and
the newly obtained solution is also infeasible, so w’ # 0 but wy > w', the SA
automatically accepts the new solution, in line 16.

3) If the newly obtained solution does not meet the above criteria, the SA generates a

uniformly random number between 0 and 1. If this number is less or equal to

e~ (") =FD/T | the SA automatically accepts the new solution, in line 19. To
elaborate, if the temperature stage is high, there is a larger chance for the SA to
accept a new solution with a worse objective value compared to when the
temperature stage is low. Hence, this method helps the heuristic escape from local
optima. The probability of accepting poorer solutions depends on the temperature
and how much worse the solution is from the previous one.

4) Otherwise, the newly obtained solution is rejected.

If the new solution is accepted, the SA compares it to the best-known solution. If
the new solution is feasible, that is w’ = 0, and has a lower objective value than the best-
known solution, namely f(s*) > f(s"), then the SA updates the best-known solution, in
line 24. The entire process repeats from line 5 with an updated temperature stage (a
geometric cooling schedule using parameter a), in line 27, until the stopping criteria are
met, which occurs when the number of iterations exceeds f or the runtime surpasses Ty, -
Then, the SA restarts again from line 2 until the number of restarts surpasses k, as in line
29. Since each restart does not interact with the value obtained from the previous loop, an
implementation could use parallel restarts, or parallel processing, to allow each CPU

processor to simultaneously handle each restart, resulting in significantly lower runtimes.
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After all restarts have been completed, the SA inspects the best-known feasible solution
for inefficient drone sorties with RemovelnefficientSortie function which takes (T,
T',§, start, end, s*) as inputs and returns a new solution after removing inefficient sorties,
as in line 30. We define inefficient sorties as drone sorties where every stop shares the same
physical locations as either the launch or rendezvous locations of the sortie itself. In other
words, it is more efficient to remove these inefficient sorties and reinsert their nodes back
into either the launch or rendezvous locations. This approach helps avoid launching
unnecessary sorties, since the truck can serve all those locations, while still maintaining
the same objective value. Once these inefficient drone sorties have been identified, the
algorithm eliminates them and reallocates the nodes within these sorties to either the launch
or rendezvous points. Then, the proposed SA terminates and returns the best-known

solution.

We analyzed each step of our SA-based algorithm to estimate the overall time
complexity as follows. In line 2, creating an initial solution has an expected runtime of
O(|C|) if the user randomly creates the initial solution. Otherwise, the expected runtime
will be O(|C|?) if the user uses LKH-3. Next, finding a candidate for the move operators,
as seen in lines 6-11, can be challenging since a chosen location might not be applicable as
a candidate, as in line 5. We estimate a runtime of O (|C|3?) since the algorithm checks for
all possible combinations of launch and rendezvous locations including calculating the new
potential objective value. For the insertion move operator of inserting the candidate to all

possible truck and drone routes, we can estimate a runtime of 0(|C|?).
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The SA evaluates the obtained solution by comparing the initial solution of this
temperature stage with a solution after applying move operators, from lines 13-26, with an
estimated runtime of O(1). The SA then repeats the process until the maximum runtime or
iterations is met, with a maximum number of iterations of O(f), as in line 28. The SA
performs the restart feature from line 2 until the total number of restarts is met, with an
estimated complexity of O(k), as in line 29. Then, inefficient routes are deleted from the

best-known solution with an estimated runtime of O (|C|).

Overall, we can estimate the runtime complexity of this SA in the most complex
setting, using LKH-3 as initial solution, as 0(Bk)(0(IC|*) + 0(|C|*) + O(ICI®) +

0(1)) + 0(|C]), that is O(Bx|C3]).

5.4 Numerical Experiments

To evaluate the performance of our MFSTSP-PD-TW model, we analyze results
based on two factors: 1) total drones and 2) payload capacity. Due to the mathematical
model formulation being NP-hard, like other last-mile logistics problems, we cannot
perform exact experiments with practical instance sizes. Therefore, we first use small-size
instances of 10 nodes where optimal solutions can be achieved within reasonable runtimes
and then use this as a benchmark for the meta-heuristic. We then consider aspects such as
duration of the time windows and the proportion of orders with time windows on large
instances of up to 100 nodes using the meta-heuristic. We performed all the experiments
on a Windows 10 desktop PC with an Intel Xeon W-2295 3.0 GHz and 128 GB Ram. For

software, we used the CPLEX API version 12.8 in Python version 3.6.
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5.4.1 Assessing MILP Capabilities

We performed experiments on ten instances of 10 nodes, each consisting of five
pickup locations and five delivery locations on an 8 by 8 mile plane. Two (or more)
locations of the same type can be located at the same place, to portray the situations where
a patient requests multiple pickup and delivery services or multiple patients request orders
from the same pharmacy. At random, 85% of patient locations are assigned as drone
eligible (C") and 33% of delivery locations request multiple parcels from different pickup
locations. For more information about creating the instances, please see Appendix 3.2. The
truck and drone speeds are 25 MPH and 35 MPH, respectively, while the designated time
for launching and retrieving parcels (S) from each drone is fixed at 1 minute each, which
are common values for these parameters in the literature (see for example Murray and Chu
(2015) and Yanpirat et al. (2023)). According to Jacobson (2023), approximately 66% of
U.S. adults use prescription medications, with about 46% having used a prescription drug
in the past 30 days. Therefore, we set the ratio of prescription parcels to non-prescription
parcels () to 1:1, indicating that 50% of parcels are prescription and the remaining 50%
are non-prescription. For the prescription orders we use a uniform random distribution to
assign time windows (start; and end;). Note that delivery locations must be assigned with
time windows that happen after the time windows from of respective pickup locations to

maintain feasibility. See Appendix 3.2 for details.

We run experiments to assess the MILP varying number of drones and payloads; 1

or 2 drones with each drone carries 1 or 2 payloads where the endurance (en) is set to 40
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minutes. These are benchmarked against the standard TSP Pickup and Delivery Problem
with Time Windows (TSPPDTW), as presented in Table 16. All instances ran to optimality.
The results show that by introducing drones with multiple payloads to last-mile pickup and
delivery services, we reduce the total service time saving, on average, up to 34.7%
compared to the standard TSPPDTW. In this case due to the small problem size, adding

drones and drone capacity does not help too much as there are only 5 parcels in total.

Table 16 Percentage of total service time savings of MFSTSP-PD-TW compared with

standard TSPPDTW over 10 instances

Total Payload | Percentage of total service time savings of Runtimes
drones capacity of | MFSTSP-PD-TW over standard TSPPDTW (hours)
each drone Mean Max | Mean | Max

| 1 29.5% 43.7% 20| 9.2

2 32.1% 48.6% 1.0 6.2

1 34.2% 49.0% 3.7] 213

? 2 34.7% 49.0% 441159

5.4.2 MFSTSP-PD-TW Meta-heuristic Experimentation

In the following sections, we conduct numerical experiments. First, we evaluate the
proposed meta-heuristic by comparing it with the exact method results in Section 5.4.1.
Second, we scale up the instances to 100 nodes, realistic-size problems, and verify that our
proposed meta-heuristic performance is not susceptible to randomness. Third, we explore
the effects of having multiple drones and payloads. Fourth, we investigate the effects of

offering varied percentage of parcels with time windows.
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5.4.2.1 MFSTSP-PD-TW Meta-heuristic vs MILP Model

In this experiment, we use the same setting and parameters from Section 5.4.1 to
assess the performance of our proposed meta-heuristic. During preliminary experiments,
we extensively tested various combinations of required parameters for the SA and
discovered the most suitable ones as follows: maximum iterations (f) of 800, starting
temperature (T,;) of 800, cooling schedule multiplier (a) of 0.99, maximum runtime
(Tmax) of 10 minutes, and total number of restarts (k) of 31. Note that in the first restart,
we use LKH-3 to find an initial solution for favoring exploitation while we randomly
generate solutions for other restarts for favoring exploration. Also, we chose the total
number of restarts (k) based on how many threads are available in the CPU. The results in
Table 17 show that the proposed SA can achieve percentage of solution overages compared

with MILP solutions of 2.2% with runtimes 1056 times faster.

Table 17 SA performance compared to the MILP model over 10 instances of 10 nodes

Total Payload | MILP average SA average Percentage of solution
drones | capacity per | runtime (hours) runtime | overages compared with
drone (seconds) MILP solutions

1 2.0 59 1.2%

! 2 1.0 11.9 4.4%

1 3.7 7.2 1.3%

? 2 4.4 12.8 2.0%
Average 2.2%
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5.4.2.2 Effects of Randomness of MFSTSP-PD-TW Meta-heuristic

To show that the proposed meta-heuristic is not overly sensitive to the choice of
random seed, we scale up the size of instances to 100 nodes while maintaining the same
location density and run the same 10 instances 5 times each with different random seeds.
Each instance consists of 50 parcels with 20 distinct pharmacies and 35 distinct patients
randomly placed using the uniform distribution, on average, for a total of 100 truck or
drone stops. For more information about the instances, please see Appendix 3.2. Note that
we use the same settings and parameters from Section 5.4.2.1 except we adjust following
parameters to match with the problem size. We adjust T, to 3 hours, numbers of drones
and payloads per drone to 3, the endurance (en) to 60 minutes, and the maximum iterations
(B) to 6400 temperature stages. The results contained in Appendix 2, Table 2.5 show that
the overall average of coefficient of variance among final solutions with different seeds is
2.8%. Hence, we can surmise that the proposed MFSTSP-PD-TW meta-heuristic is stable

with changes in random seed.

5.4.2.3 Effect of Number of Drones and Payloads for Large-size Instances of 100
Nodes
As illustrated in Section 5.4.2.1, even for small-size instances of 10 nodes, the exact
method sometimes cannot find optimal solutions within a reasonable time, which makes it
impossible to conduct meaningful experiments with multiple payloads and drones. In this
section, maintaining the setting, parameters, and instances of 100 nodes from Section

5.4.2.2 we run multiple experiments varying number of drones and payloads; 1, 2, 3, and
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4 drones and 1, 2, 3, and 4 payloads of each drone. The results can be found in Tables 18

and 19.

Table 18 Experimental results on averages of runtime, percentage improvement compared
to LKH-3, and percentage of locations served by drones with varied number of

drones and payloads over 10 instances of each

Total Payload Average Average percentage | Average percentage
drones | capacity per runtime | improvement compared of locations served
drone (hours) to LKH-3 by drones

1 1.1 14.2% 21.0%

2 1.0 19.2% 27.1%

: 3 1.4 19.6% 26.9%

4 1.9 20.8% 30.8%

1 1.3 21.2% 36.5%

2 1.2 25.3% 46.8%

? 3 1.6 27.5% 43.3%

4 2.7 28.2% 47.5%

1 1.4 23.3% 39.9%

2 1.5 27.3% 49.7%

. 3 1.8 29.4% 56.4%

4 2.6 29.2% 55.8%

1 1.7 23.2% 44.3%

2 1.8 28.0% 56.2%

) 3 2.2 28.3% 57.2%

4 24 30.2% 59.7%
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Table 19 Experimental results on averages of drone sorties, number of parcels per sortie,
and percentage of drone idle time with varied number of drones and payloads over

10 instances of each

Total Payload Average Average Average Average
drones capacity | number of number of | percentage of percentage of
per drone drone | parcels per | drone idle time | individual drone

sorties sortie idle time

1 12.5 1.5 17.9% 17.9%

2 11.5 22 16.7% 16.7%

: 3 9.9 2.6 24.8% 24.8%

4 10.0 29 23.8% 23.8%

1 19.9 1.7 7.3% 26.8%

2 19.1 2.3 7.3% 23.9%

’ 3 15.4 2.7 16.2% 34.9%

4 15.7 2.8 14.2% 32.1%

1 23.8 1.5 11.6% 40.1%

2 21.6 22 10.8% 40.4%

: 3 20.7 2.6 10.8% 42.8%

4 19.2 2.8 11.2% 45.2%

1 26.5 1.5 15.6% 49.6%

A 2 23.7 2.3 13.2% 50.9%

3 22.1 2.4 11.8% 53.5%

4 21.5 2.6 13.5% 53.0%

Based on Tables 18 and 19, total service time can be reduced up to 30.2% when
deploying four drones, each with a payload capacity of 4. Also, we can see significant
increases in the number of locations served by drones of up to 59.7% when deploying four

drones, each with a payload capacity of 4. However, the number of drones and payloads
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seem to contradict each other when we observe the average percentage of nodes served by
drones. More drones result in more customers served by drones. However, with more
payloads per drone, the average percentage of nodes served by drones tends to drop. Still,
more sorties are deployed when the number of drones increases. For the average number
of parcels per sortie, an increase in the number of drones does not necessarily increase the
average number of parcels per sortie. However, increasing the payload capacity per drone
can significantly increase the average number of parcels per sortie, up to 2.9 parcels per
sortie, as expected. For the average drone idle time, defined as the time when no drones
are performing any sorties, ranges from 7.3% - 24.8%. This number decreases as total
number of drones and payloads per drone are increased. Meanwhile, the average individual
drone idle time ranges from 16.7% to 53.5%, with the percentage increasing as the total
number of drones and payloads per drone are increased. This is logical as with more drones,
there is more time that the drones are not active. Lastly, our results have an average runtime
of 1.7 hours, suitable for real-world route planning. While expanding the number of drones
and payload capacity per drone may increase the total runtime, it remains manageable and
with the heuristic the time can always be truncated earlier. To illustrate, the logistics
company can establish a cut-off time for parcels to be considered in route planning. This
approach ensures that route planning is completed early in the morning or overnight for the

day's pickup and delivery services, thereby maintaining efficiency and practicality.

We conducted an analysis of variance on all responses to determine the significance
of each factor, as shown in Appendix 2, Tables 2.6 - 2.10. The analysis for total service

time savings, percentage of locations served by drones, and average number of drone
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sorties shows that both factors, total drones and payload capacity per drone, are statistically
significant with p-values near zero on both factors. The F values of total drones are larger
than total payloads per drone suggesting it is probably the most significant factor for these
three responses. The analysis of variance for average parcels carried per drone sortie also
shows that total drones and total payloads per drone are statistically significant at the 0.05
level of significance with p-values of 0.043 and near zero, respectively. Still, the F value
for total payloads per drone is far larger than total drones suggesting the number of average
parcels per sortie is impacted, this is intuitive. Lastly, the analysis of variance for the
average percentage drone idle time shows that total drones is statistically significant at the
0.05 level of significance with a p-value approaching zero. On the other hand, payloads per
drone is not statistically significant with a p-value of 0.079. Note that every analysis of
variance shows that there is no significant interaction between both factors at the 0.05 level

of significance.

Figure 23 shows that the average objective value, total service time in hours,
significantly decreases as drones and payload capacity per drone increase. It would take 14
hours for a single truck to complete serving all locations, which is impossible for a single
driver since the Federal Motor Carrier Safety Administration (2022) mandates that a driver
cannot drive a vehicle more than 11 hours per day. However, after introducing multiple
drones with multiple payloads, the average total service time reduces to 9.7 hours, which
is legal. Note that we identified an interesting pattern when comparing scenarios involving
a total of four drones, each with a payload capacity of 3, to scenarios with three drones of

the same drone capacity. Intuitively, more drones should lead to greater or equal total
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service time savings. However, our results move in the opposite direction. Upon closer
examination of the solutions, we believe that these results come from the heuristic creating
too many inefficient drone sorties at the early stages of the heuristic for four drones, and
the heuristic does not have enough time to move towards better solutions before the
heuristic is terminated, resulting in slightly worse service time savings. To confirm the
hypothesis, we reran both settings by increasing the maximum runtime and iterations by
two-fold. The results indicate that both settings yield the same average total service time
savings. In other words, the non-intuitive results are due to the heuristic being terminated

prematurely, not from the problem structure.

The effect of total service time progression against running time of the MFSTSP-
PD-TW meta-heuristic for an instance of 100 nodes (50 parcels) can be found in Figure 24.
The SA explores the search space while escaping from unpromising regions of the solution
space during the initial stages when the temperature (T') is high. As the temperature (T)
cools, the SA converges, ultimately finding a local minimum within the best-known
neighborhood. Note that the average runtime for this experiment is 1.7 hours, a reasonable
runtime for a large pickup and delivery problem. Note also that the objective function value
improves dramatically during the early phases of the search so that if a shorter run time is

needed, the SA can be terminated early and still produce excellent solutions.
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5.4.2.4 Effects of Percentage of Prescription Medication Orders

To explore the effects of varying the percentage of prescription medication orders,
we maintain the same settings and parameters from Section 5.4.2.3. Recall that prescription
orders have strict time windows, making scheduling pickup and delivery more challenging.
We set the number of drones and payloads per drone to 4 for good potential in total service

time savings. The pickup and delivery locations of orders are constant and the ratio of
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prescription medications to non-prescription medications (¢) alters among 0%: 100%,
25%:75%, 50%:50%, and 75%:25%. Note that all parcels that are prescription parcels in
lower percentage instances are also be prescription parcels in higher percentage instances
to ensure consistency. The results in Figure 25 show that the average over ten instances of
the percentage total service time savings, percentage of locations served by drones, and
percentage time that drones are all idle (no drones are in use). Figure 26 shows that the
average over ten instances of the number of drone sorties and number of parcels per sortie.
Together, these figures illustrate that for all values of ¢, the five measures of performance
shown do not vary dramatically. The responses are quite stable across all values of ¢ except
for drone idle time which gradually increases as more prescription parcels are introduced
to the system. This is because more time windows as prescriptions are prepared impede the

drones from serving patients early, leading to more idle time.
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Figure 25 Results for different ratios of prescription medications with non-prescription
medications on average percentage of drone idle time, locations served by drones,

and improvement compared to LKH-3 over 10 instances of each ratio
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Figure 26 Results for different ratios of prescription medications with non-prescription
medications on the average number of drone sorties and parcels per sortie over 10

instances of each ratio

5.5 Conclusion

The emerging dynamics of the healthcare sector highlight the importance of
efficient last-mile medical logistics. Specifically, optimizing service time in the delivery
of medications and other supplies from pharmacies to patients is integral to enhancing the
quality of healthcare delivery. A delivery system using only drones to perform all pickup
and delivery services might not be sufficient due to drone limitations on flight endurance
and payload capabilities. Adding charging stations to expand drone coverage range might

be a solution, but this method requires dedicated physical locations for the drones which
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can be cost prohibitive. To avoid these concerns, we propose a new model to integrate
pickup and delivery operations with time windows, combining a truck and drones with
multiple payload capacities, termed the Multiple Flying Sidekick Traveling Salesman

Problem Integrating Pickup and Delivery with Time Windows (MFSTSP-PD-TW).

We formulated the problem as a mixed-integer linear programming model which
can be solved to optimality with small-size instances. Due to computational issues with
realistic-size instances, we formulate a variant of SA, a meta-heuristic. The SA can achieve
high quality solutions with an average optimality gap of with 2.2% on small-size instances
and is not susceptible to randomness. Moreover, it can solve realistic-size instances, with

100 nodes, in acceptable time.

We conducted experiments for these large problems and benchmarked with a
standard pickup and delivery problem (TSP with Pickup and Delivery with Time
Windows). The results show that both factors, number of drones and payloads, statistically
play significant roles in reducing total service time. This is not surprising - as the number
of drones, especially, and the capacity of each drone increases, the ability to make timely
and route efficient decisions generally increases. With the most favorable scenario, mean
total service time was reduced by 30.2%. The results also show that changing the ratio of
prescription and non-prescription parcels results in similar behavior except for the drone
idle time which increases as the proportion of prescriptions increase. Since service time is

related to cost, this suggests that medical logistics companies can expect no significant
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changes in operational costs when there are changes in proportion between prescription

and non-prescription medications, showing robustness of this delivery approach.

Furthermore, it is worth noting the potential flexibility of this model in addressing
various delivery and pickup scenarios beyond healthcare logistics. For instance, this
proposed model could be applied to the restaurant or food delivery scenario with minor
adjustments to assumptions and constraints, potentially improving the efficiency of such
services and offering valuable insights into route optimization and cost savings in the home

delivery food industry.
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Chapter 6

Conclusions and Future Work

In this dissertation, we have contributed to the field of last-mile logistics by
exploring the integration of delivery and pickup operations using both trucks and drones
through three novel models: the Flying Sidekick Traveling Salesman Problem with Pickup
and Delivery (FSTSP-PD), the Flying Sidekick Traveling Salesman Problem Integrating
Deliveries and Returns with Multiple Payloads (FSTSP-DR-MP), and the Multiple Flying
Sidekick Traveling Salesman Problem Integrating Pickups and Deliveries with Time

Windows (MFSTSP-PD-TW).

The FSTSP-PD model innovatively combines the processes of parcel return and
delivery in a last-mile logistics system using drones. This model not only increases drone
utilization by preventing the drone from always rendezvousing with the truck with an
empty payload, as seen in the standard FSTSP, but also enhances customer satisfaction by
reducing the total service time. We formulated the problem as an MILP and conducted
experiments on small-size instances. Our numerical results indicate a considerable
improvement in total service time savings, especially in scenarios with 20% pickup orders
and drone endurance of 40 minutes, leading to up to 24.4% and 6.3% savings compared to
the TSP (truck only) and the standard FSTSP, respectively. Furthermore, our heuristic

approach has an optimality gap of 1.7% compared to MILP and allows us to solve large-
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size instances, up to 50 customers, within a reasonable runtime. Additionally, our heuristic

approach is not sensitive to randomness.

Then, we extended in the FSTSP-PD model to the FSTSP-DR-MP, improving
sustainability of logistic systems by considering multiple payloads. We modified the MILP
from the FSTSP-PD model and introduced payload management constraints to allow the
drone to perform multiple stops, with valid inequality constraints to tackle MILP runtime
issues. Based on our numerical experiments, this approach is shown to have the potential
to significantly reduce emissions and decrease service times, contributing to a more
sustainable and efficient logistics system. The multiple payloads from the FSTSP-DR-MP
can reduce the total service time up to 32.5% and 18.3% compared to the TSP and the
standard FSTSP, respectively, while reducing emissions from the truck, by reducing the
truck travel time up to 36.2% and 22.9% compared to the TSP and the FSTSP, respectively.
Moreover, our results show that using multiple payloads instead of using multiple drones
with the same total payload is faster by 3.9% under the same assumptions. We then devised
a variant of Variable Neighborhood Search, a meta-heuristic, as a method for solving
realistic-size instances up to 100 customers within a reasonable runtime. The proposed
approach is not susceptible to randomness. Based on the results, we can achieve an
optimality gap of 4.8%. We conducted experiments on realistic-size instances, 100
customers, with the meta-heuristic finding that the percentage of customers served by
drones and total service time savings have a positive relationship with payload capacity.
Though, as the payload capacity increases, both responses increase at a diminishing rate

because not all drone sorties can fully utilize the additional payload capacity
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Finally, we turned our focus to last-mile pickup and delivery in the healthcare sector
with the MFSTSP-PD-TW, distributing medications to patients. The model consists of one
truck and multiple drones with multiple payloads. We divide medication parcels into two
types: prescription and non-prescription medications. We formulated the problem using an
MILP and propose a variant of the simulated annealing (SA) meta-heuristic, since the
MILP cannot solve instances more than 10 nodes within a reasonable time. We
benchmarked our SA with the MILP and found an optimality gap of 2.2%. Also, we
showed that the SA is not susceptible to randomness. We performed numerical experiments
with the SA on realistic-size instances, 100 nodes, which can be solved in reasonable time.
The results showed that by using multiple drones with multiple payloads, we could reduce
the total service time up to 30.2% compared to the TSPPD with one truck in the most
favorable scenario. Moreover, changing in the ratio of prescription and non-prescription
parcels in the system results does not affect the total service time savings compared to the

TSPPD.

Overall, these three proposed models advance the field of integrated delivery and
pickup/return operations, each contributing in its unique way to efficiency, customer
satisfaction, sustainability, and even public health logistics. However, we believe that there
is still room for improvement in this research field. For example, in all three models, one
could consider costs rather than focusing solely on total service time. This should include
not only the operational costs but also the environmental costs, such as emissions,

associated with the use of trucks and drones. Also, the realistic impact of parcel weight on
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drone endurance should be examined. Moreover, it is important to consider various types
of drones in the same problem. Certain drones may have the ability to carry more parcels,
but operate at slower speeds, while others may offer less payload capacity but achieve high
velocities resulting in larger coverage area. In the end, we believe that this dissertation
serves as a steppingstone towards more efficient and sustainable last-mile logistics, where

drones play a critical role alongside traditional delivery vehicles.
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Appendices

Appendix 1 FSTSP-PD Heuristic

Algorithm 3.1: main

After setting up parameters and obtaining the TSP optimal solution in lines 1-4, the
algorithm checks the stopping criteria and explores the neighborhood in lines 5-11. In each
iteration, the algorithm tries to find improved solutions by moving customers from the
truck path to the drone path with two methods. However, only the best-known solution is
kept. The first method moves truck customers to the drone path while considering all drone
functions in lines 12-17. The second method moves truck customers, one by one, to the
drone path in lines 18-23. However, the second method does not allow pickup and delivery
customers to reside in the same sortie.

Require: C,C’,D",R’, 7, T, hard_reset, soft reset, sl,sr,en
initial solution = Obtain TSP optimal solution
truck path = initial solution
neightborhood counter =0
iteration_counter =0
While iteration_counter <= hard _reset
If iteration_counter % soft reset ==
truck path = initial solution
previous_truck path = initial solution
Else
truck path = Swap 2 customers of the previous_truck path

previous_truck path = truck path

175



12

13

14

15

16

17

18

19

20

21

22

23

24

25

End

overlap drone =[] % a set of customers that reside between existing launch and
rendezvous locations (to prevent making % the truck path
shorter by moving these customers)
Call [truck path, drone path] = delivery and_ pickup(truck path, 7, 7’,D’,R',sl, sr,
overlap drone, en) function
Compare this result with the best-known solution and update
overlap drone=[]
truck path = previous_truck path
drone_path =[]
Call [truck path, drone_path] = delivery _only and pickup only(truck path, T,
t',D’,R',sl, sr, overlap_drone, en) function
Compare this result with the best-known solution and update

iteration_counter = iteration_counter + 1
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Algorithm 3.2: delivery and_pickup

This function creates truck and drone solutions where the drone can perform all 3
eligible tasks; delivery only, pickup only, and delivery-and-pickup. The while loop from
lines 3-26 performs the delivery-and-pickup function of the drone where customers are
moved to the drone route as a pair. On the other hand, line 27 calls a function to perform
delivery only and pickup only functions where it moves pickup or delivery customers,
one by one, to the drone route.

Require: truck _path, 7, ¢, D’, R',sl, sr, overlap_drone, en

counter loop =0

unavailable customer =[] %a set of customers that could not create the drone path
While counter loop !=len(truck path)

x = Pick a delivery customer at random from the truck path; this customer cannot be in

unavailable customer and overlap drone

y = Pick a pickup customer at random from the truck path; this customer cannot be in

unavailable customer and overlap drone

Ifx=-lory==-1  %either x or y will be -1 when we cannot pick a customer from a
truck path
Break while loop

Call [found_drone path, drone_path, track i, track j]=
create_drone path_pair(truck path, 7, t’,D’, R', sl, sr, overlap_drone, x, y, en)
function

If found drone path ==
Add all customers of the truck path between track_i and track_j (inclusively) to

overlap_drone
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Remove customers x and y from truck _path

counter loop=0

unavailable customer =[]

Else

If counter loop%?2 == %to prevent moving 2 potential drone customers
to unavailable customer at the same time
Add customer x to unavailable customer

Else
Add customer y to unavailable customer

counter loop = counter loop + 1

Call delivery only and pickup only(truck path, 7, 7’,D’, R',sl, sr, overlap_drone, en) function

Return truck path, drone path

178



10
11
12
13
14
15
16
17
18
19

20

Algorithm 3.3: create drone path pair

This function creates the drone path based on chosen customers x and y without
violating a drone endurance constraint; drone travel time cannot exceed drone endurance.
Also, moving customers to the drone path must reduce the truck travel time.

Require: truck_path, 7, ¢/, D’, R',sl, sr, overlap_drone, x, y, en
shortest_drone_time = 9999999

found drone path =0

track i=999999

track j =999999

For i in range(0,len(truck path)-1)

truck_start location =1

worth_it=0

service before remove = Calculate total service time of the truck before removing

customers x and y from the truck path

service after remove = Calculate total service time of the truck after removing

customers x and y from the truck path

If truck_start location == 0 %when the drone is launched from the depot

If service_before remove - service after remove >= sr

worth_it=1
Else
If service before remove - service after remove >= sl + sr
worth_it=1
If worth_it ==

For j in range(i+1,len(truck path))
distance ij = Calculate travel time of a truck from customer i to j
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If distance ij > en
Break j for loop
drone_duration = Calculate total flight time of the drone from customer
i->x->y->f
If drone duration <= distance ij and distance ij <= en and
drone duration + sr <= en
If shortest_drone_time > drone duration Yoprioritize the
drone path with shortest drone flight time
found drone path =1
shortest drone time = drone duration
track i=1
track j=j
If found drone path ==
Create a new drone path where the drone is launched from track i ->x ->y -> track_j

Return drone_path, found drone path, track i, track j

180



10

11

12

13

14

15

16

17

18

Algorithm 3.4: delivery only or pickup only

This function creates truck and drone solutions where the drone can perform only
two tasks; delivery only and pickup only. The algorithm starts with finding drone paths
for delivery customers in the first while loop from lines 3-20. Then, it starts finding drone
paths for pickup customers in the second while loop from lines 23-40.

Require: truck_path, 7, T/, D’, R',sl, s, overlap_drone, en
counter loop =0
unavailable customer =[] %a set of customers that could not create the drone path
While counter loop !=len(truck path)
x = Pick a delivery customer at random from the truck path, not in
unavailable customer, and not overlap current drone paths (the truck still has
a drone that can be launched from this customer)
Ifx=-1 %x will be -1 when we cannot pick a customer from a truck path
Break while loop
Call [found drone path, drone_path, track i, track j]=
create_drone path_single(truck path, z, T/, D, R',sl, sr, overlap_drone, X, en)
function

If found drone path ==1

Add all customers of the truck path between track_i and track_j (inclusively) to
overlap _drone

Remove customers x from truck_path

counter loop =0

unavailable customer =[]

Else
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Add customer x to unavailable customer
counter loop = counter loop + 1
counter loop=0
unavailable customer =[]
While counter loop !=len(truck path)
x = Pick a pickup customer at random from the truck path, not in
unavailable customer, and not overlap current drone paths (the truck still has
a drone that can be launched from this customer)
Ifx=-1
Break while loop
Call [found_drone path, drone_path, track i, track j]=
create_drone path_single(truck path, 7, t’, D’, R',sl, sr, overlap_drone, x, en)
function
If found drone path ==
Add all customers of the truck path between track i and track _j (inclusively) to
overlap _drone
Remove customers x from truck_path
counter loop=0
unavailable customer = []
Else
Add customer x to unavailable customer
counter loop = counter loop + 1

Return truck path, drone path
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Algorithm 3.5: create drone path single

This function creates the drone path based on a chosen customer x without violating
a drone endurance constraint; drone travel time cannot exceed drone endurance. Also,
moving customers to the drone path must reduce the truck travel time.
Require: truck_path, 7, t’, D’, R',sl, sr, overlap_drone, x, en
shortest_drone_time = 9999999
found drone path =0
track_i=999999
track j =999999
For i in range(0,len(truck path)-1)
truck_start location =1
worth_it=0
service before remove = Calculate total truck service time before removing customers
X from the truck path
service after remove = Calculate total truck service time after removing customers x
from the truck path
If truck_start location == 0 %when the drone is launched from the depot

If service_before remove - service after remove >= sr

worth_it=1
Else
If service before remove - service after remove >= sl + sr
worth_it=1
If worth_it ==

For j in range(i+1,len(truck path))
distance ij = Calculate travel time of a truck from customer i to j
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If distance ij > en
Break j for loop
drone_duration = Calculate total flight time of the drone from customer
i->x->j
If drone duration <= distance ij and distance ij <= en and
drone duration + sr <= en
If shortest_drone_time > drone duration %oprioritize the
drone path with shortest drone flight time
found drone path =1
shortest drone time = drone duration
track i=1
track j=j
If found drone path ==
Create a new drone path where the drone is launched from track i -> x -> track _j

Return found drone path, drone path, track i, track j
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Appendix 2 Additional Experimental Results

Appendix 2 Table 2.1 Results of an experiment on assessing the performance of the valid

inequalities.

Instance With valid inequalities Without valid inequalities
Optimal Runtime Gap | Best-known Runtime Gap
solution |  (minutes) solution (hours)

1 59.62 1.99 0% 59.62 24 hours 100%
2 60.89 0.90 0% 60.89 24 hours 100%
3 31.12 0.66 0% 31.12 24 hours 73%
4 31.52 0.73 0% 31.52 24 hours 100%
5 42.73 0.64 0% 42.73 24 hours 80%
6 55.53 0.87 0% 55.53 24 hours 72%
7 32.98 0.31 0% 32.98 24 hours 74%
8 53.30 1.18 0% 53.30 24 hours 64%
9 41.42 0.62 0% 41.42 24 hours 80%
10 54.70 180.92 0% 54.70 24 hours 100%

Appendix 2 Table 2.2 Number of variables and constraints based on total customers

Total customers | Number of binary | Number of integer Number of
variables variables constraints

10 customers 576 48 2,513
30 customers 4,096 128 39,334
50 customers 10,816 208 157,949
100 customers 41,616 408 1,132,409
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Appendix 2 Table 2.3 Experimental results on total service times used in the goodness-of-

fit test
Return Payload Instance CPLEX Meta- | Computed y? —
customers capacity heuristic value
1 70.19 75.69 0.430
2 70.17 71.85 0.040
3 42.90 44.26 0.043
4 43.41 46.87 0.276
5 50.20 50.47 0.001
: 6 63.00 65.79 0.123
7 48.93 56.60 1.201
8 62.87 62.89 0.000
9 48.31 48.31 0.000
10 61.41 64.36 0.142
1 62.57 68.10 0.488
2 60.88 71.84 1.972
0% 3 34.36 40.13 0.970
4 33.83 40.22 1.207
5 46.73 46.73 0.000
? 6 59.53 59.56 0.000
7 41.61 50.61 1.946
8 54.41 60.17 0.610
9 41.41 41.42 0.000
10 54.69 61.36 0.814
1 60.57 66.10 0.504
2 60.88 65.63 0.370
3 3 34.36 34.72 0.004
4 33.52 39.44 1.045
5 44.73 44.73 0.000
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Return Payload Instance CPLEX Meta- | Computed y? —
customers capacity heuristic value
6 57.53 59.56 0.072

7 39.35 40.60 0.039

8 53.29 53.30 0.000

9 41.41 41.42 0.000

10 54.70 61.57 0.865

1 66.44 68.20 0.047

2 70.17 70.90 0.007

3 40.73 42.18 0.052

4 40.76 41.42 0.011

5 46.73 47.00 0.002

: 6 59.53 61.80 0.086

7 45.00 47.01 0.089

8 54.42 57.78 0.208

9 46.60 46.60 0.000

10 54.70 63.79 1.512

1 60.58 60.58 0.000

20% 2 60.89 67.70 0.762
3 34.36 36.60 0.146

4 33.52 38.27 0.672

5 44.73 44.73 0.000

’ 6 57.53 57.80 0.001

7 39.62 39.62 0.000

8 53.30 57.71 0.366

9 41.42 41.42 0.000

10 54.70 60.38 0.592

1 59.62 59.93 0.002

3 2 60.89 65.63 0.369

3 31.83 31.83 0.000
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Return Payload Instance CPLEX Meta- | Computed y? —
customers capacity heuristic value
4 31.83 31.83 0.000

5 42.73 42.73 0.000

6 55.53 57.56 0.074

7 38.50 38.50 0.000

8 53.30 53.30 0.000

9 41.42 41.42 0.000

10 54.70 54.70 0.000

1 66.44 68.20 0.047

2 70.17 71.85 0.040

3 39.52 41.42 0.091

4 39.45 41.42 0.098

5 46.73 47.13 0.003

: 6 59.53 59.82 0.001

7 41.62 51.26 2.232

8 60.50 61.93 0.033

9 46.60 46.60 0.000

10 59.61 61.36 0.051

40% 1 59.62 60.05 0.003
2 60.89 70.66 1.569

3 34.29 36.59 0.153

4 31.83 31.83 0.000

5 44.73 44.73 0.000

? 6 57.53 58.76 0.026

7 39.35 39.62 0.002

8 53.30 57.71 0.366

9 41.42 41.42 0.000

10 54.70 60.20 0.554

3 1 59.62 59.62 0.000

188




Return Payload Instance CPLEX Meta- | Computed y? —
customers capacity heuristic value
2 60.89 65.63 0.369

3 31.12 31.12 0.000

4 31.52 31.83 0.003

5 42.73 42.73 0.000

6 55.53 57.56 0.074

7 32.98 32.98 0.000

8 53.30 57.55 0.340

9 41.42 41.42 0.000

10 54.70 59.02 0.342

Z x° 24.559
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Appendix 2 Table 2.4 Results of seed experiments of the FSTSP-DR-MP meta-heuristic

190

Instance Mean absolute percentage error (from mean of seeds)
Seed=| Seed=| Seed=| Seed=| Seed= Range | Average
11 23 58 88 90

1 1.7% 1.1% 2.9% 2.2% 1.1% 1.1-2.9% 1.8%
2 1.7% 1.7% 0.6% 1.8% 2.2% 0.6-2.2% 1.6%
3 0.1% 0.6% 0.1% 0.3% 0.7% 0.1-0.7% 0.4%
4 4.6% 3.4% 1.0% 0.6% 0.7% 0.6-4.6% 2.0%
5 1.2% 0.3% 0.4% 2.1% 0.7% 0.3-2.1% 1.0%
6 0.6% 2.8% 0.8% 3.0% 0.2% 0.2-3.0% 1.5%
7 1.2% 0.3% 1.5% 1.1% 1.2% 0.3-1.5% 1.1%
8 0.2% 0.7% 2.6% 0.6% 1.2% 0.2-2.6% 1.1%
9 2.1% 2.7% 4.0% 4.6% 0.5% 0.5-4.6% 2.8%
10 0.9% 0.4% 54% | 13.2% 5.2% 0.4-13.2% 5.0%

Overall
1.8%

average




Appendix 2 Table 2.5 Results of seed experiments of the MFSTSP-PD-TW meta-heuristic

Instance OBV

Seed Mean STD | Coefficient
11 29 58 88 90 of variance
10001 | 543.2 | 545.5| 540.7 | 558.1 | 534.8 544.5 8.6 1.6%
10002 | 576.8 | 554.8 | 562.8| 564.9 | 562.5 564.4 7.9 1.4%
10003 | 598.6 | 632.1 | 602.3 | 622.7| 615.5 614.2 14.0 2.3%
10004 | 551.1 | 585.0| 576.0| 516.8 | 580.8 561.9 28.5 5.1%
10005 | 670.1 | 667.8 | 660.7 | 661.3 | 674.9 666.9 6.0 0.9%
10006 | 610.3 | 614.0| 615.6| 631.2| 621.2 618.4 8.1 1.3%
10007 | 604.1 | 644.6 | 607.1 | 650.4 | 624.9 626.2 21.1 3.4%
10008 | 593.5| 640.1 | 626.1 | 566.0 | 6154 608.2 29.1 4.8%
10009 | 559.8 | 612.3 | 602.2| 581.7| 560.9 583.4 23.7 4.1%
10010 | 565.6 | 569.3 | 5442 | 571.7| 594.7 569.1 18.0 3.2%
Overall 2.8%

average
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Appendix 2 Table 2.6 Analysis of variance for multiple drones and payloads for total

service time savings

Source DF F-Value P-Value
Model 78 18.26 0.000
Linear 15 89.71 0.000
Total drones 3 139.16 0.000
Payloads per drone 3 66.22 0.000
Data 9 81.05 0.000
2-way interaction 63 1.25 0.175
Total drones* Payloads per
drone 9 0.50 0.871
Total drones* Data 27 1.69 0.038
Payloads per drone*Data 27 1.05 0.414
Error 81
Total 159
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Appendix 2 Table 2.7 Analysis of variance for multiple drones and payloads for percentage

of locations served by drones

Source DF F-Value P-Value
Model 78 9.25 0.000
Linear 15 43.01 0.000
Total drones 3 164.63 0.000
Payloads per drone 3 35.09 0.000
Data 9 5.10 0.000
2-way interaction 63 1.21 0.208
Total drones* Payloads per
drone 9 1.53 0.152
Total drones* Data 27 1.46 0.1
Payloads per drone*Data 27 0.85 0.669
Error 81
Total 159
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Appendix 2 Table 2.8 Analysis of variance for multiple drones and payloads for average

number of drone sorties

Source DF F-Value P-Value
Model 78 6.16 0.000
Linear 15 28.04 0.000
Total drones 3 120.14 0.000
Payloads per drone 3 14.18 0.000
Data 9 1.95 0.056
2-way interaction 63 0.95 0.575
Total drones* Payloads per drone 9 0.48 0.883
Total drones* Data 27 1.24 0.229
Payloads per drone*Data 27 0.82 0.708
Error 81
Total 159
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Appendix 2 Table 2.9 Analysis of variance for multiple drones and payloads for average

parcels carried per drone sortie

Source DF F-Value P-Value
Model 78 8.79 0.000
Linear 15 40.10 0.000
Total drones 3 2.83 0.043
Payloads per drone 3 193.60 0.000
Data 9 1.35 0.223
2-way interaction 63 1.34 0.108
Total drones* Payloads per drone 9 0.91 0.517
Total drones* Data 27 1.24 0.225
Payloads per drone*Data 27 1.57 0.062
Error 81
Total 159
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Appendix 2 Table 2.10 Analysis of variance for multiple drones and payloads for average

percentage drone idle time

Source DF F-Value P-Value
Model 78 1.91 0.002
Linear 15 4.30 0.000
Total drones 3 13.28 0.000
Payloads per drone 3 2.34 0.079
Data 9 1.95 0.056
2-way interaction 63 1.34 0.106
Total drones* Payloads per drone 9 1.38 0.211
Total drones* Data 27 1.26 0.211
Payloads per drone*Data 27 1.41 0.122
Error 81
Total 159
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Appendix 3 Data sets for FSTSP-DR-MP and MFSTSP-PD-TW

Appendix 3.1 data sets for FSTSP-DR-MP

For the FSTSP-DR-MP model, we have provided relevant parameters and customer
locations used in our experiments at the following link,

https://github.com/winnerdd/DataSets.git. Please note that we could not share parameters

and customer locations on the 10-customer instances since we used data from the literature
and have not received authorization from the owner of that data to share it. However, we
have included a Python file for generating similar 10-customer instances with the given

link.

Appendix 3.2 data sets for MFSTSP-PD-TW
We have provided relevant parameters and locations used in our experiments at

the following link, https://github.com/winnerdd/Instances-for-MFSTSP-PD-TW.
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