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Icy roads can cause many accidents due to their slippery nature. Thus, providing
people the information about icy roads can help them avoid taking these roads and prevent
accidents. The problem of routing UAV's optimally to collect visual information regarding
icy roads is called Icy Road Vehicle Routing Problem.

Vehicle Routing Problem is essentially a path planning problem, where optimal
paths need to be determined for one or more vehicles. Arc Routing Problems is a sub-
class of vehicle routing problems where the goal is to make vehicle(s) traverse specific
arcs or edges optimally. Icy road vehicle routing problem resembles arc routing problem
when icy roads are considered as arcs. Usually, in arc routing problems, vehicle(s) are
located in one specific location, and the solution routes start and end at the same location.

This thesis defines the Icy Road Vehicle Routing Problem, a new type of arc routing
problem, where the goal of traversing arcs or icy roads remains the same but vehicle(s) or

UAV(s) are located at one or multiple location(s). The thesis also presents new heuristic-



based algorithms called multi-flight algorithms to solve the Icy Road Vehicle Routing
Problem. By performing a set of experiments, the proposed algorithms are compared
against several heuristic-based approaches from the literature. These experimental results
show that the proposed multi-flight algorithms produced quicker and better quality solution

routes to the UAVs for the Icy Road Vehicle Routing Problem than previous heuristics.
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Chapter 1: Introduction

This chapter provides an introduction to the Icy Road Vehicle Routing Problem.

This chapter is organized in the following way. Section 1.1 provides the motivation
and the goal of this thesis. Section 1.2 brie y describes the vehicle routing problem
formally de ning the Capacitated Arc Routing Problem and the Icy Road Vehicle Routing
Problem. Section 1.3 highlights the differences between the Capacitated Arc Routing
Problem and the Icy Road Vehicle Routing Problem. Finally, Section 1.4 describes how

the thesis is organized.

1.1 Motivation and Objective

In winter, some roads in the US become icy and slippery. This condition is especially
severe in snowy regions, which constitutes roughly about 70 percent of theAd%
result, these regions are prone to accidents and crashes. It has been reported that over
1000 people are killed, and more than 116,800 people are injured because of accidents
occurring on icy roads.

The main reason for the accidents is people’s limited information about road conditions,

making them take the icy road paths while traveling. UAVs can be used to collect

https://ops.fhwa.dot.gov/weather/weatleents/snowce.htm
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visual data on roads which is further processed to determine the road condition and
inform people through an application. To collect data effectively, UAVs need to be routed
optimally. The motivation behind doing this thesis is to plan routes for UAVs, which will
help people avoid taking the icy roads. The problem of routing UAVSs to collect road data
is referred to as the Icy Road Vehicle Routing Problem (IRVRP).

The goal of this thesis is to implement algorithms in the literature and newly developed
algorithms to solve the IRVRP, compare the results obtained, and gain insights into the
performance of the different algorithms. The insights will help generate knowledge about
how well each algorithm can solve the IRVRP.

The following section de nes the IRVRP, the assumption considered, and how the

IRVRP differs from the CARP.

1.2 Background and Problem De nition

This section provides an overview of the vehicle routing problems, categorizes
them, and describes the CARP. Then, the section describes the IRVRP along with the

assumptions considered highlighting its differences from the CARP.

1.2.1 Background

1.2.1.1 Vehicle Routing Problem

In the Vehicle Routing Problem (VRP) [1, 2, 3], a set of transportation requests is
initially provided along with a road network with a eet of vehicles placed at a speci c

node of the network called depot. The transportation requests typically require vehicles to



traverse a node or an edge which is termed desired in the road network. A transportation
request can be full led by a vehicle following a route which starts and ends at the depot
traversing the desired nodes or edges. The objective of the VRP is to ful ll all the
transportation requests by optimizing vehicle routes: deciding which vehicle should process
which transportation request and in which order. [3].

The capacitated version of the VRP has an added constraint that each vehicle has a
limited capacity, and vehicle routes should be planned, considering the vehicle's capacity
constraints. Routing problems considering capacity constraints of the vehicle can be
divided into two categories based on the type of transportation requests, namely (i) Capacitated
Node or Vehicle Routing Problem (CVRP) [1] and (ii) Capacitated Arc Routing Problem
(CARP) [4]. The CVRP and the CARP are practical and more relatable to real-world
scenarios.

In the CVRP, the transportation requests are node-centric, i.e., it requires a vehicle
to traverse a speci ¢ node in the road network. Ridesharing is a good example of the
CVRP. In the CARP, the transportation requests are edge-centric, i.e., it requires a vehicle
to traverse a speci ¢ edge from the depot. A CARP variant consisting of multiple depots
called multi-depot Capacitated Arc Routing Problem (MD-CARP) [5, 6, 7] requires nding
optimal routes for vehicles in multiple depots traversing all required edges.

The uncapacitated versions of the arc routing problem form special cases of the
CARP. Chinese Postman Problem (CPP) [8] deals with nding the optimal route by
traversing all the edges of the graph at least once. CARP can be converted into the CPP
by ignoring the capacity constraints, and the transportation requests cover all the edges of

the graph. There are many versions of the CPP discussed in [8] which all similarly can be
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derived from the CARP.

Rural Postman Problem (RPP) [9] is a variant of the CPP where the objective is to
nd an optimal route by traversing only a subset of edges present in the graph. Converting
CARP to RPP is even more straightforward than CPP as the CARP also requires traversing
only a subset of edges in the graph. Hence, the RPP and the CPP can be considered as
relaxed versions of the CARP. As this thesis deals with solving a modi ed version of the

CARP, more emphasis is given to de ning the CARP.

1.2.1.2 Capacitated Arc Routing Problem (CARP)

The CARP can be de ned formally on an undirected graph G(N, E, W), where N
represents the set of nodes, E represents the edges oe@cs 2 E,i;j 2 N)),and W
represents the edge weightg((;j ) 2 W, i;j 2 N)) of the graph. Based on the entity
modeled by the graph G, edge weights W can be distance or time. A eet of vehicles V is
stationed at a speci ¢ node of the graph called the depot. Every vehicle in V has the same
limited capacity C.

Edges E are of two types: (i) Desired Edges and (ii) Undesired Edges. Desired
edges must be traversed by the vehicles and have a non-negative value associated with the
edge called demandi(i;j ) > 0;i;j 2 N). Undesired edges may or may not be traversed
by the vehicle. Their primary purpose is to facilitate the vehicle to traverse desired edges
and have a demand value of zedfifj ) = 0;i;j 2 N).

The CARP aims to nd a set of optimal vehicle routes that begins and ends at the

depot traversing all the desired edges such that the total demand serviced by each vehicle



in its route must not exceed vehicle capacity. As all solution routes in the CARP begin
and end at the depot, the routes are generally referred to as cycles. Each cycle in the
CARRP is a set containing the number of times an e@é@ej() 2 E) was traversed during
the cycle.

Let K be the total number of cycle®(, k= 1,2,..K) required to traverse all the
desired edges (1). Led(i; j ) represent number of times the vehicle has traversed the edge
e(i;j ) 2 E during the cycleRy) andy(k) represent the number of desired edg€sycle

has traversed. The CARP is formally de ned as follows:

X X
minimize w(isj )x(i;])
k=1 x(i;j )2Rk
X
subject to dii;j)x(@i;j) C; k=1;:::;K; (1.2)
x(ij )2 R
X
y(k) =1
k=1

The objective function of the CARP minimizes the total cycle weights of all the
vehicles. The rst constraint makes sure that the total demand serviced by all vehicles
during its cycle is always less than or equal to the vehicle capacity. The second constraint
checks if all the desired edges are traversed at the end of cycles. Figure 1.1 shows a sample
instance of the CARP, and the Figure 1.2 shows the solution for the sample instance.
De ning the CARP formally with examples will prove crucial in understanding the Icy

Road Vehicle Routing Problem, a modi ed version of the CARP discussed next.



Figure 1.1: Sample instance for the CARP

Figure 1.2: Solution for the sample instance

1.2.2 Problem De nition

1.2.2.1 Icy Road Vehicle Routing Problem (IRVRP)

The Icy Road Vehicle Routing Problem (IRVRP) deals with routing multiple UAVs
to collect visual data of icy roads from a particular area of interest(AOI) stationed at
base stations in different locations in that area. The goal of the IRVRP is to nd optimal

routes for UAVs to traverse all the icy roads and collect data in the given AOI as quickly as



possible. Before de ning the IRVRP formally, it is essential to understand the assumption

considered. The following are assumptions considered to formulate the IRVRP.

1. All UAVs start from a base station with full battery capacity. This assumption is

made to make UAVSs traverse the maximum possible required edges in each ight.

2. All UAVs are considered identical with the same battery capacity. This assumption

is not necessary but is considered for the easy implementation of algorithms.

3. All UAVs move with the same speed that maximizes the battery consumption. This
assumption is important as UAV speed affects the ight time, and maintaining all
UAVs at a constant speed that maximizes ight time helps to traverse required edges

quickly.

4. Thetime to recharge the UAV battery is the same at all base stations. This assumption

is not required but is considered to facilitate the easy implementation of algorithms.

5. AllUAVs traverse icy and non-icy road segments with the same speed. This assumption
is not required as UAVs may need to change their speeds in icy road segments to
facilitate visual data collection. This assumption is considered mainly to facilitate

the easy implementation of algorithms.

6. All UAVs follow existing roadways due to safety and security reasons. This assumption
is important and considered mainly to follow the safety protocols of the Federal

Aviation Administration.

7. The weather conditions do not affect the time taken by the UAV to traverse a
road segment. This assumption is considered for now to formulate the IRVRP and
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facilitate the algorithmic development process but is relaxed in the later stages of

new algorithm development.

These assumptions will help formulate the IRVRP formally described in the following

section.

1.2.2.2 IRVRP Formulation

Let G = (N, E, T) be the undirected graph that models the AOI when N is the set of
nodes (locations), E is the set of edg€s{ ) 2 E) joining nodesi( 2 N) and T is the
set of edge weightg(i;j ) 2 T) of the edgesg(i;j) 2 E). t(i;] ) is the time taken by
the UAV to traverse the edg#i;j ). Here, an edge is a road segment and time taken to

traverse the road segment is calculated as follows:

Length of the road segment

ti) = Speed of the UAV

(1.2)

The AOI has a set of roadway segments (icy) that the UAVs should visit called
desired edges. Létbe the number of desired edges. Desired and required edges are used
interchangeably throughout this thesis. Dgtbe the set of depots where UAVs can start
and end their ights and where they re-fuel (rechargd). N.Let 2 Bbethe ™
depot Let all the UAVs have a constant maximum ight timelgf.y .

Let K be the number of UAVs. L&®y be the path that UAVs followPy is made up
of a sequence of nodes in N. A ight is a sequence of nodes that begins at a base and ends

at a base. Lefy; be thej™ ight for k™ UAV. Let f be the number of ights in the path .



Then,

Pe= Fue[ Fral [ Far (1.3)

Let g be the number of nodes in a ight, and kg [h] be theh™ node in the ight.
ThenFy; [1] 2 Ng andFy; [g] 2 Ng must be satis ed.
Let T(F) be the total time to traverse ight F.
X 1
T(Fg) = t(Fq[h];Fq[h+1]) (1.4)
h=1
Lett" be the time to refuel (recharge) a UAV at depot, and Ig¢;j ) be the index
for the depot at which ighFy; ends; thatis, ;) = Fj[g]. Let T(Px) be the total time
to traverse patPy.
# 1

T(Pe) = T(Fig [+t + T(Fur) (1.5)

j=1

Letdy be the number of desired edges UAV k traverses in PattAs all the desired

edges must be traversed, the following should be satis ed:

X
dk =1 (16)

k=1



Figure 1.3: Sample instance for the IRVRP

The IRVRP can be formally de ned as follows:

minimize max T (Pg)
k=1;::K

subjectto 0 T(Fy) Tmax k=1;::5;K j =1;:00f (1.7)
X
dk=|

k=1

The objective function of the IRVRP is represented in a standard minimax optimization

form. The objective function minimizes the maximum time UAVS remain in ight. The

rst constraint checks if all the ights in the paths satisfy the battery constraints of the

UAV. The second constraint checks if the UAVs traverse all the desired edges. Figure

1.3 shows a sample instance of the IRVRP. Figure 1.4 shows the solution for the sample

instance.

IRVRP can be converted into the CARP by considering only one depot, ignoring

the recharge time for the UAVs and adding demand to the required edges. Hence, IRVRP

includes the CARP. As the CARP is proved to be NP-hard [4], IRVRP is also NP-hard.
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Figure 1.4: Solution for the sample instance

Although the IRVRP closely resembles the CARP in traversing all desired edges
within the vehicle's capacity, some fundamental differences set them apart. The following

section explains in detail the difference between the IRVRP and the CARP.

1.3 Differences between the CARP and the IRVRP

This section highlights the differences between the CARP and the IRVRP. The

following are the differences:

1. Number of Depots The primary difference between the two problems is that the
IRVRP has multiple depots where the vehicle can start, stop or recharge itself to full
battery capacity. But in the CARP, there is only one depot. This difference has a
signi cant effect on the solution routes of both problems. In the IRVRP, the solution
route may not start and end at the same depot, and also, the number of combinations
of ways the desired edge can be traversed increases due to the presence of multiple

depots. In the CARP, the solution route always starts and ends at the same depot
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forming a cycle.

2. Capacity Constraint: In the CARP, there is a demand associated with desired
edges, and the vehicle's capacity decreases only when it traverses a desired edge
by the demand value. In IRVRP, the vehicle's capacity decrease when it traverses
both desired and undesired edges by the weight of the edge. Hence, the capacity
constraints of both the problems are different due to the way the vehicle capacity is

decremented.

3. Solution Routes The solution routes of the CARP have the same cyclic structure
as they begin and end at the same depot. But in the IRVRP, a UAV can move from
one depot to another recharge itself and then traverse the desired edge from the new
depot, and also, the solution routes necessarily need not be cyclic. As there is an
increase in the possible combination of ways a desired edge can be traversed in the
case of the IRVRP than the CARP, nding optimal solutions for the IRVRP may be

more complicated than for the CARP.

1.4 Organization of Thesis

The thesis is organized in the following way: Chapter 1 contains the motivation
and goals of the thesis. This chapter also brie y introduces the vehicle routing problem
by formally de ning the CARP and IRVRP and highlighting their differences. Chapter 2
contains the previous work done on solving the CARP. The chapter categorizes algorithms
in the literature based on their approach and describes their working. Chapter 3 describes

new algorithms used to solve the IRVRP. This chapter also describes the heuristic used
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by new algorithms explicitly designed considering the constraints and objectives of the
IRVRP. Finally, the chapter provides and pseudocode and working of the algorithms and
a sample example for better understanding.

Chapter 4 compares the solution routes obtained from modifying and implementing
algorithms from heuristic-based approaches (recall Section 2.2) in the literature for the
CARP to the IRVRP with new algorithms designed for the IRVRP. The chapter also
provides details on preparing the instances used for testing these algorithms. Chapter
5 presents the conclusion drawn from the results and some new contributions this thesis
makes to the literature.

The next chapter describes the algorithms found in the literature used to solve the

CARP.

13



Chapter 2: Literature Review

As mentioned in Chapter 1, this thesis proposes a new algorithm to solve a modi ed
version of the CARP [4], called the IRVRP. The literature review of this chapter describes
previous approaches used for solving the CARP. This review aims to gain insight, which
should help build a new algorithm to solve the IRVRP.

This chapter is organized in the following way. Section 2.1 categorizes different
approaches established in the past to solve CARP. Section 2.2 describes the heuristic-
based approaches. Section 2.3 describes the metaheuristic-based approaches. Section
2.4 describes the exact approaches. Finally, the section 2.5 provides a summary of the

literature review.

2.1 Different approaches to solve CARP

This section explains different approaches used in the literature to solve the CARP.
Figure 2.1 provides an overview of the approaches and algorithms under each approach
discussed in this section. The section also describes the drawbacks of algorithms in each
approach in the context of the IRVRP, which ultimately lead to the development of new

heuristics to solve the IRVRP.
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Figure 2.1: Overview of the Approaches used in the literature to solve the CARP

Many algorithms have been developed in the past to solve the CARP [10, 11].
These algorithms can be grouped based on their approaches into three main categories,
namely (i) Heuristic-based Approaches, (ii) Metaheuristic-based Approaches and, (iii)
Exact Approaches. In the following sections, the algorithms in each approach are discussed
and compared based on how quickly they produce solution routes to the CARP, which is
the solution time and the solution routes quality. Solution routes quality is measured in
terms of total route cost. A route is a sequence of edges in a graph starting and ending
at the same node (depot) traversing the required edge(s). Cost of a route is the sum of all
the weights of the edges present in that route. Total route cost is the sum of all routes'
costs in the solution that feasibly traverse all the required edges. A feasible solution to
the CARP consists of a set of routes that satis es the constraints of the CARP but may
not have the least total route cost. An optimal solution to the CARP is the set of feasible
routes with the least total route cost. The above de nitions will help to better understand

of drawbacks of algorithms described in the following sections.
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2.2 Heuristic-based Approaches

The heuristic-based approaches [11, 12, 14] consider the constraints and objectives
of the CARP and develop a logical and pragmatic strategy called heuristic to solve the
CARP that results in a quick, approximately optimal solution. In these approaches,
since a heuristic is created using the constraints and objectives specic to a problem,
it cannot be used to solve a variety of problems, making a heuristic-based approach
a problem-dependent approach. The algorithms grouped under these approaches are:
(i) Path Scanning Algorithm, (ii) Augment Merge Algorithm, and (iii) Construct Strike

Algorithm.

2.2.1 Path Scanning Algorithm

Path Scanning Algorithm [11] constructs vehicle routes that satisfy the constraints
of the CARP by adding one edge at a time based on a myopic optimization criterion.
Goldenet al. [11] proposed ve optimization criteria, and the criteria which produced
most optimized routes is selected as the output to the algorithm. Over the years, many
developments have been made to the algorithm to produce better results.esahfds3]
proposed an improved path scanning algorithm by developing an ellipse rule heuristic that
considers only edges within the ellipse to nd a route when the vehicle's capacity is at
its limit resulting in better solution routes than [11]. Although the myopic nature of the
optimization criteria helps the algorithm to produce faster solutions, the quality of these

solutions may not always be optimal due to its greedy approach.
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2.2.2 Augment Merge Algorithm

Augment Merge algorithm [11, 12] consists of two stages: (i) Augment Stage and

(i) Merge Stage. In the augment stage, solution routes are constructed by nding the
shortest path from a depot to the nearest required arc and again from the required arc to the
depot in such a way that each solution route traverses only one required arc and satis es
CARP constraints. In the merge stage, the solution routes are arranged in descending
order of the route cost. Then, the longest route is combined with one of the smaller ones
only if it satis es the CARP constraints. Finally, the combination with minimum total
route cost is produced as output to the algorithm. As the algorithm only considers two
routes in the merging process, the resulting solution quality may improve compared to the
path scanning algorithm with the increase in solution time, but solutions produced may
not always be optimal as the merge step only tries to combine two routes. Still, there is a

possibility that optimal routes are produced by merging three or more routes.

2.2.3 Construct Strike Algorithm

Construct Strike algorithm [14] iteratively performs the following three steps until
all the required edges are traversed. The rst step is to nd a solution route satisfying the
CARP constraints using the path scanning algorithm [11]. The second step is to remove
all the edges in the solution route from the graph. The third and nal step is to check
if the removed edges did not disconnect the graph. A graph is disconnected if there is
no edge connected the depot and the remaining graph. If the graph gets disconnected,

arti cial edges joining the depot and the remaining graph are added, and the graph with
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nodes and untraversed required edges is passed on to the rst step. While the construct
strike algorithm certainly avoids redundant traversal of required edges by removing all the
edges in the solution route from the graph once constructed, it also makes it challenging
to construct solution routes as the iteration progresses due to fewer number of edges in
the graph, thus increasing the route cost. For this reason, the quality of the solutions is
not always optimal, and in some scenarios, the algorithm may not traverse all the required

edges failing to produce even feasible solutions to the CARP.

2.2.4 Drawbacks of Heuristic-based Approaches

Based on the literature review of the heuristic-based approaches for the CARP, a
common trait found is that they produce solutions quickly at the cost of solution quality.
As discussed earlier in the section 1.3, the same heuristics cannot solve both problems
due to the differences between the CARP and the IRVRP. Hence, algorithms in heuristic-
based approaches need to be changed to produce feasible solutions for the IRVRP. As
there are more combinations of feasible solution routes (single ights (see Section 3.1.1)
and multiple ights (see Section 3.1.2)) possible in the case of the IRVRP than the CARP
(see Section 1.3), it becomes more unlikely that heuristic-based approaches nd optimal
or even feasible solutions to the IRVRP.

Hence, there is a need to develop a heuristic from scratch designed especially
to solve the IRVRP that delivers quicker and better feasible solutions than the existing
heuristic algorithms.

In the following section, algorithms in metaheuristic-based approaches are described
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along with their drawbacks from the context of the IRVRP.

2.3 Metaheuristic-based Approaches

Metaheuristic-based approaches [15], unlike heuristic-based approaches, are problem-
independent approaches having a pre-de ned process and structure that can be modi ed
and used in various problems. These approaches can be modi ed by tuning the metaheuristic
parameters. Typically, these approaches take an initial solution generated from the heuristic-
based approach as input to solve the CARP and may converge to a better solution. The
following are the algorithms and methods based on the metaheuristic-based approaches
found in the literature to solve the CARP: (i) Tabu Search (TS), (ii) Genetic Algorithm
(GA), (iii) Ant Colony Optimization (ACO) algorithm, and, (iv) Variable Neighbourhood

Search (VNS).

2.3.1 Tabu Search (TS)

Tabu search (TS) [15, 16, 17] is a metaheuristic search method that iteratively
searches for better routes using the initial solution routes obtained from the heuristic-
based approach. It maintains a tabu list whose length is the metaheuristic parameter to
store the newly explored solution routes and avoid redundant searching of routes. Initially,
the tabu list only contains the solution routes of the CARP. The TS method iteratively
tries to modify the routes in the tabu list by adding the neighboring nodes of the routes
and removing existing nodes to converge at a better solution route that satis es CARP

constraints locally while simultaneously keeping track of the best routes. 8oatcl.
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[16] proposed three types of moves to make modi cations to the routes in the tabu list
to produce better routes. The search stops when no further improvement to the route is
found and returns the best solution route.

The decision of the length of the tabu list is a trial and error process and must be
tuned based on the quality of the result produced by the algorithm. Choosing a shorter
length for the tabu list can have a negative effect on the solution quality, as after the tabu
list reaches its full capacity, it starts removing elements from the list and leads to the
possibility of adding and removing redundant routes. In the same way, choosing a longer
length of the tabu list leads to a memory error. The tunability of the length of the tabu list
offers exibility and, at the same time, makes the search method produce routes that may

be optimal.

2.3.2 Genetic Algorithm (GA)

Generic Algorithm [18, 19, 20, 21] is based on the Darwinian theory of natural
selection that the strongest individual survives and reproduce. The algorithm can be
described in ve steps: (i) Initial Population, (ii) Fitness function, (iii) Selection, (iv)
Mutation, and (v) Termination. In the CARP, chromosomes are analogous to the route.
A chromosome is developed by combining all the routes in the solution given by a
heuristic-based approach into one route. Chromosomes populate the initial population.
The number of chromosomes in the initial population is a metaheuristic input parameter.
Fitness function assigns a tness value that indicates the quality of the chromosome, i.e.,

route cost. In selection, chromosomes from the initial population are selected based on
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the tness value. In mutation, the selected chromosomes are fused to produce a better
chromosome. Selection and mutation continue until there is no improvement in the
tness value of the chromosome, which leads to the nal step termination, which ends
the algorithm and returns the last chromosome as output. The nal chromosome consists
of a single route which is again decomposed into a set of feasible solution routes. [21]

In GA, populating the initial population with solution routes from different heuristic-
based algorithms (Section 2.2) consumes a lot of the solution time, so these approaches
take longer to produce solution routes and may not scale well with increasing instance
size. The solution routes produced may not be optimal as it depends on the initial
population, populated with solution routes obtained from algorithms of the heuristic-

based approaches (Section 2.2), which may not be optimal.

2.3.3 Ant Colony Optimization (ACO) Algorithm

ACO [22, 23, 24, 25] algorithm mimics the behavior of ants to reach the food
source. Ants scatter in all directions to nd food while leaving pheromones on their path
to their food source, and pheromones evaporate with time. As a result, the concentration
of pheromones is more for the shortest path. After few trials, all the ants follow the
shortest path to the food source because of pheromones concentration. The same concept
is applied in an undirected graph for CARP, where each edge is assigned a probability
that changes as more ants traverse along the edge. The number of ants, evaporation rate,
and iteration are metaheuristic parameters decided to obtain the best results from the

algorithm.

21



The ACO algorithm for the CARP initially deposits pheromones on the nodes
of the solution routes of the heuristic-based approach (Section 2.2) and tries to obtain
better routes by the end of the algorithm. Modi cations to the evaporation rate of the
pheromones [23] have helped improve results, but due to the presence of many metaheuristic
parameters, obtaining a perfect combination of metaheuristic parameters through tuning

to make the algorithm always produce optimal solution routes may not be possible.

2.3.4 Variable Neighbourhood Search (VNS)

Variable Neighbourhood Search (VNS) [26, 27, 28] is a metaheuristic search method
that starts with an initial solution route to the CARP given by the heuristic-based approach.
The algorithm shifts to the solution route's random neighborhood, employ a local search,
and shifts to the neighborhood only if it nds a better route. The algorithm keeps shifting
until there is no improvement to the route while saving the best solution route, which is
returned at the end of the method.

Due to the random selection of neighborhoods, choosing better neighborhoods to
obtain better routes is uncertain, making it dif cult for the search method to nd better
routes. This also impacts the solution time, which is particularly bad when the instance
becomes large as more neighborhoods are possible and the probability of choosing the
right neighborhood to produce optimal route decreases.

Although there is an improvement in the solution routes produced by the algorithms
in the metaheuristic-based approach for the CARP, it comes with the cost of a signi cant

increase in solution time, and the quality of the solution may not always be optimal.
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2.3.5 Drawbacks of Metaheuristic-based Approaches

The main drawback of the metaheuristic-based approaches is scalability and solution
quality. The prerequisite of the metaheuristic-based approach is that it needs an initial
solution to the IRVRP to converge at the same or better solution. The initial solution is
obtained from heuristic-based approaches (Section 2.2). Hence, to obtain a solution from
a metaheuristic-based approach required rst to run a heuristic-based algorithm and then
use a metaheuristic-based algorithm. This increases the solution time. But an increase in
solution time may not be compensated with an increase in solution quality as there is no
guarantee that metaheuristic-based approaches always produce optimal solutions (Section
2.3).

In the next section, exact approaches for solving the CARP are described and

possible drawbacks of employing it to solve the IRVRP.

2.4 Exact Approaches

The exact approach produces only optimal solutions to the CARP. In the exact
approach, the CARP is formulated as a integer linear program (ILP) (See section 1.2.1.2).
The LP is solved with the following methods: (i) Cutting Plane Algorithm, (ii) Branch

and Bound Method and, (iii) Branch and Cut Method.

2.4.1 Cutting Plane Algorithm

In the Cutting Plane Algorithm [29, 30], the LP problem is initially solved by
considering fewer constraints. The other constraints are then added to check if the solution
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satis es the newly added constraints. If it is not satis ed, the constraints are added to the
LP and solved again. This process is repeated until a solution satis es all the constraints
of the CARP.

The cutting plane algorithm tries to nd all the active constraints that affect the
solution and ignores the inactive constraints that have no impact on the solution. The
algorithm always produces optimal solutions but nding active constraints in a pool of
constraints is a trial and error process, and as the instance becomes complex, the solution
time of this algorithm may increase exponentially as the algorithm solves the problem

repeatedly with each addition of active constraints.

2.4.2 Branch and Bound Method

The branch and bound method [31, 32] is based on the divide and conquer strategy.
The method initially solves the LP partially by making some constraints active, which
forms the root node. Then, the root node is extended through branches by forming nodes
for upper and lower bound for active constraints. The node with the lowest objective value
is extended further through branching, simultaneously updating the bounds of the node.
This process continues until all the constraints are satis ed, and objective function cannot
be minimized further. Finally, the method returns the node with lower bounds as output.

Uberti et al. [32] proposed a branch and bound method for the CARP by adding
non-required edges as the branching of the tree becomes deeper. The branch and bound
method also follow the same characteristics of the exact approach being able to generate

optimal solution routes at the cost of solution time.
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2.4.3 Branch and Cut Method

The branch and cut method[33, 34, 35] is an integration of the Branch and bound
and cutting plane algorithm. The cutting plane algorithm tightens the upper and lower
bounds of the nodes in the branch and bound method to eliminate infeasible solutions.
This method is effective and ef cient in converging to a solution quicker than the branch

and bound method but does not solve the problem of solution time.

2.4.4 Drawbacks of Exact Approaches

The main drawback of the exact approaches is solution time and formulation of
the problem. Exact approaches determine all feasible routes to traverse required edges
to solve the IRVRP to nd the optimal route. This may take a long time considering the
number of combinations of routes possible to traverse all required edges (Section 1.3)
in the IRVRP. The second drawback is formulating the IRVRP into an LP optimization
problem to facilitate the running of exact algorithms. In the case of the IRVRP, formulation
of the IRVRP to make an exact algorithm produce optimal routes consisting of single
ights (Section 3.1.1) and multiple ights (Section 3.1.2) may be dif cult.

The following section provides a summary of the literature review.

2.5 Summary

The literature review described the working and shortcomings of algorithms categor-
ized under the heuristic-based, metaheuristic-based and exact approaches in the context
of the IRVRP. Although the heuristic-based approaches produced faster solution routes,
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it lacks solution quality. The metaheuristic-based approaches may be an improvement
from the heuristic-based approaches in terms of solution quality but not solution time.
The exact approach producing only optimal solution routes takes signi cant solution time
than other approaches.

The next chapter describes new heuristic-based algorithms developed for the IRVRP,

that produce better feasible solution routes than heuristic-based approaches.
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Chapter 3: Multi-Flight Algorithm for Icy Road Vehicle Routing Problem

This chapter provides a detailed description of multi- ight algorithms speci cally
designed to solve the IRVRP to obtain better feasible routes for the UAVs than heuristic-
based approaches.

This chapter is organized in the following way. Section 3.1 describes why developing
multi- ight algorithms is necessary. Section 3.2 describes all the performance metrics.
Section 3.3 describes the working of all four versions of multi- ight algorithms by providing
their pseudocodes. Section 3.4 solves a sample IRVRP instance with versions 1 and 4 of
the multi- ight algorithm highlighting the differences. Section 3.5 provides a summary

of this chapter.

3.1 Need for Multi- ight Algorithm

This section discusses the need for developing new heuristic-based algorithms by
highlighting two scenarios that shed light on the problems of using existing heuristic-
based approaches to solve the IRVRP.

As discussed in Section 1.3, the fundamental difference between the IRVRP and
the CARP is that in IRVRP, there are multiple depots where a vehicle can start, stop or

recharge itself. This increases the number of ways by which a vehicle can traverse a
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required edge. This is clearly explained using the next two scenarios.

3.1.1 Single-Flight Scenario

Consider an undirected gragh with 8 nodes, 12 edges with 2 depots, and 1
required edge, as shown in Figure 3.1. Let us consider that there is only 1 UAV present
with a capacity of 7 time units located at depot 6 and a recharge time of 1.1 time units.

The optimal way to traverse the required edge can be found by looking at Figure
3.2. The solution route is given by the node&&2-4-6y which is also referred to as a
ight. The time taken by the UAV to complete the solution route is 6.7 time units which
is less than the UAV capacity of 7 time units. Hence, the solution route is feasible.

As the solution route requires only a single ight to traverse the required edge, this
is a single ight scenario. A Single ight scenatrio is trivial but one of the ways in which
UAVs traverse required edges. A more complicated way of traversing required edges is

explained in case 2, making the IRVRP challenging.

Figure 3.1: Sample test case 1 in the form of an undirected gf@ptvith nodes, edges,
depots, and required edge

28



Figure 3.2: Solution route to the sample test case 1

3.1.2 Multiple-Flight Scenario

Consider the same graph as shown in Figure 3.1, with the same UAV capacity, but
now the UAV is located at depot node 1 instead of depot node 6, as shown in Figure 3.3.
The UAV cannot directly traverse the required edge in one ight due to capacity
constraints. This is illustrated using Figure 3.4, which shows the optimal way the UAV
located at depot node 1 can traverse the required edge (2-4), wHitkigl-&3 but the
time taken to complete this route is 7.5 time units, which exceeds the UAV capacity of 6

time units making the route infeasible.

Figure 3.3: A sample test case 2 in the form of an undirected g@pwi¢h nodes, edges,
depots, and required edge
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Figure 3.4: Optimal traversal of required edge (2-4) from depot 1

In a multiple- ight scenario, the UAV moves from its current depot to another depot
feasibly to get closer to the required edge, recharges itself, and tries to traverse it from the
new depot. The UAV repeats this process until it nds it is possible to feasibily traverse
the required edge from its latest depot. As the UAV takes multiple ights to traverse a
required edge, it is called the multiple ights scenario. The multiple ight solution route

is clearly shown using Figures 3.5 and 3.6 for the sample test case considered.

Figure 3.5: First ight taken by the UAV to get closer to the required edge and recharge
itself.
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Figure 3.6: Second ight taken by the UAV from its new depot to feasibly traverse the
required edge.

The UAV requires two ights to traverse the required edge feasibly. First ight
f 1-2-69 takes 3.8 time units for the UAV to complete. Then, the UAV recharges itself at
depot node 6, which takes 1.1 time units. Finally, the UAV takes the secondf @yt
4-6g that takes 6.7 time units to complete. One important note is that both ights take 3.8
and 6.7 time units, which is less than the vehicle capacity of 7 time units. The UAV takes
a total of 11.6 time units to traverse the required edge, which is the sum of all ight and

recharge time.

3.1.2.1 Problems with Converting and Solving CARP with IRVRP

The heuristic-based approaches (recall Section 2.2) discussed in the literature are
designed explicitly to solve the CARP. So, modifying the heuristics to solve the IRVRP
may only produce routes consisting of single ights but not multiple ights. This may
result in heuristic-based approaches not producing even feasible solution routes to the
IRVRP. The metaheuristic-based approaches (recall Section 2.3) start with the solutions
obtained from heuristic-based approaches and try to improve upon them. They will
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optimize the routes with single ights but also fail to account for multiple- ight scenarios.
The main problem with the exact approaches (recall Section 2.4) is formulating the IRVRP
into LP accounting for both single ight and multiple ight scenarios. For the above
reasons, developing new heuristics, which considers single and multiple ight scenarios
to produce feasible UAV routes, seemed viable.

The following section will provide the pseudocode for multi- ight algorithms, along

with a detailed description of their working by solving them on a sample test case.

3.2 Performance Metrics

The following are the performance metrics used to evaluate and compare different

algorithms:

1. Maximum Flight Time : Maximum time UAVs spend traversing all required edges.
2. Total Flight Time : Total time UAVs spend traversing all required edges.

3. Execution Time: Time taken to run an algorithm. The execution time of all
algorithms is obtained from a 2.60 GHz Intel i7-6700HQ, 16 GB RAM, 1 TB HDD,
NVIDIA GeFORCE GTX 960M laptop working on 64-bit Windows Operating

System.

3.3 Algorithm Description

This section describes four versions of multi- ight algorithms developed for solving

IRVRP. The following provides a brief summary of the differences in the four versions of
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the algorithms.

Multi- ight algorithm version 1 (recall Section 3.3.1) creates subgraphs from the
original input graphs to quickly determine the solution routes.

Multi- ight algorithm version 2 (recall Section 3.3.2) uses latitudes and longitude
information of nodes to determine the approximate distance between the nodes to produce
solution routes quickly.

Multi- ight algorithm version 3 (recall Section 3.3.3) creates subgraphs and uses
approximate distance to determine if simultaneous improvement in solution quality and
execution time is possible.

Multi- ight algorithm version 4 (recall Section 3.3.4) tries to improve the solution

quality of routes by avoiding the addition of unwanted ights into solution routes.

3.3.1 Multi- ight Algorithm Version 1

This section explains the pseudocode of the multi- ight algorithm version 1 in detail
and how it designs routes for all the UAVs by constructing feasible ights satisfying UAV
capacity constraints.

The multi- ight algorithm takes into consideration the locatiam ), utilization
(uk), and availability {) of the UAVs to determine the best possible ights for the UAVS,
which reduces the maximum and total ight time. The algorithm is designed in such a
way that its UAVs ef ciently traverse all the required edges as quickly as possible.

The multi- ight algorithm runs until all the required edges have been traversed

which is precisely stated as the condition in line 1 of the pseudocode as shown in Figure
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3.7. Then, in line 2, the algorithm nds the rst available UAV. Initially, all the UAVs are
available for the ight, so the rst UAV gets selected. Then, inline 3, the algorithm checks
to see if there is a required edge closest to the UAV that can be feasibly traversed from
the current locationn) of the UAV using theclosestfeasibleedg@ method, which is

explained later in the following section (recall Section 3.3.1.3).
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Figure 3.7: Pseudocode for Multi-Flight Algorithm Version 1
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As discussed in Section 3.1, there are two ways by which a UAV can feasibly
traverse required edges, namely (i) Single Flight (ii) Multiple Flights. The multi- ight
algorithm designs UAV routes consisting of both single and multiple ights. Hence, the
remaining algorithm can be explained in two parts based on the way it handles single and

multiple ights. -

3.3.1.1 Handling Single Flight Scenario

The algorithm decides to plan a single ight for the UAV in the lines [5-13] if the
closestfeasibleedgf method outputs an edge | which the UAV can feasibly traverse
from its current locationr{k) in a single ightin line 4.

In order to traverse more than one required edge in a single ight, in line 5, the
algorithm updates the UAV pathPf) with the path starting from the UAV locatiom)
until it traverses the required edge ) but not until path end at depotdlf). If the
UAV path (Px) gets updated with paths ending with depots, this will imply that all paths
with a single ight will only traverse one required edge. At the same time, there is the
possibility that a single ight can traverse multiple required edges. In the lines [6-8]
of the pseudocode, the multi- ight algorithm updates the locatiny),(utilization (uk),
availability (tx) of UAV incurred from traversing the required edge)(

Lines [9-12] of the pseudocode handles the special case in single ight traversal,
which is after traversing the required edge)( if the UAV ends up in one of the depot
nodes Ny), then the single ight must come to an end. Hence, in lines [10-12], the

UAV arrival time (yx), the UAV available timet() and the UAV utilization time (k) are
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updated. One main difference in the update process between lines [6-8] and [9-12] is
noticed in UAV available timet() where recharge timeR) gets added to it, and UAV
utilization (ux) becomes zero as the UAV is fully recharged to maximum battery capacity.

Finally, in line 13, the traversed required edge) (s removed from required edgés ().

3.3.1.2 Handling Multiple Flight Scenario

The algorithm decides to plan multiple ights for the UAV in the lines [15-23] if
theclosestfeasibleedg® method outputg to be zero, which implies that UAV cannot
feasibly traverse any of the required edgég)(from its current locationr{y) in a single

ight.

In line 15, the algorithm determines the closest edgég o the current location
of the UAV (ny), which cannot be feasibly traversed in a single ight. The algorithm
determines the closest edge)(to make the UAV traverse it through multiple ights. In
line 16, the closest feasible depat ( Ng4) to UAV location (y) and the closest edge
(e ) and the list ¥4) consisting of all the distances from the UAV locatiork ) to all the
depots Ny) is determined usinglosestfeasibledepaf) function.

Line 17 determines if the UAV can feasibly move or not. It determines it uging
which is the distance from the current UAV locatiddy( to the closest depotl(). If it

nds the value ofVy = 1 , this implies that the UAV cannot feasibly traverse the required
edgesE,) or travel to the closest depat () to recharge itself. Hence, in line 25, the UAV
available time ) is made in nity so that it is not used in the following iterations.

If Vg < 1, then the algorithm moves the UAV from it current locatiop to the
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nearest depotd() updating UAV pathsRy), UAV arrival time (yx), UAV available time
(tx), UAV utilization time (ux) and UAV location () in lines [19-23].

Once all required edgeg () are traversed, the algorithm completes the UAV paths
(Px) in lines [26-31], which do not end at depot nodBig). This happens because, in line
5, the algorithm only adds paths until the required edge traversal. The UAVs traversing
these paths might not be used again, which results in incomplete pajhs=(nally, the
algorithm returns all the paths of UAWP() consisting of single and multiple ights and
UAV arrival times at the depotyy).

The following section provides and explains the pseudocode of all the functions

used in the multi- ight algorithm to understand the algorithm's working better.

3.3.1.3 Subroutines

This section explains in detail the subroutines used in the multi- ight algorithm

version 1 by providing the pseudocode. The following are subroutines used in the algorithm:

1. shortestpath(G; ny; ny): The shortest path subroutine nds the shortest path joining
nodesn; andn, in the graph G. The shortest path is determined using the Dijkstra

algorithm. As this subroutine is straightforward, the pseudocode is not provided.

2. bestdepatG; nq; Ng): The best depot subroutine nds the closest depot to the node
n; in G, which the UAV can feasibly traverse and returns the shortest path joining
the noden; and closest depot. Subgraph is created from G, consisting of nodes
and edges that are feasibly reachable from nmod® avoid checking all the depot

nodes. This will make the algorithm quicker and also is the main distinguishing

38



Figure 3.8: Pseudocode fbestdepof) function

factor from other versions of the multi- ight algorithm. Figure 3.8 provides the

pseudocode.

3. bestpati(G; n;; e): The best path subroutine nds the best way to traverse edge
e 2 E, and return the best path from node in graphG to edgee. Figure 3.9

shows the pseudocode.
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Figure 3.9: Pseudocode fbestpath) function

4. closestfeasibledepdiG; Te; Ng; Nk; Ux; C; e ): This subroutine nds the closest
depot which can be feasibly traversed from nagewhich is also closest to the
required edge . The subroutine also uses the same concept of creating subgraphs

to avoid checking all depot nodes. Figure 3.10 shows the pseudocode.
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Figure 3.10: Pseudocode fdiosestfeasibledepdf) function

5. closestfeasibleedgéG; E; Ng; uk; nk; C) : This subroutine has two main purposes.
Firstly, it tries to nd the closest feasible edge to nadeby creating subgraphs.
Secondly, if there is no such edge, it tries to nd the closest edge that cannot be
feasibly traversed from nodg and stores the distance in varialile The variable

Te will be used in the latter part of the algorithm. Figure 3.11 shows the pseudocode.
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Figure 3.11: Pseudocode faiosestfeasibleedgf function

The following section describes version 2 of the multi- ight algorithm by making small

but signi cant changes to the subroutines to make the algorithm produce quicker solutions.

3.3.2 Multi-Flight Algorithm Version 2

The multi- ight algorithm version 2 is different from version 1 on two different
aspects (i) It tries to reduce the usagesbbrtestpath() function (ii) It does not create a

subgraph of the original graph for determining the closest depot or edge.
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The second version of the multi- ight algorithm reduces the usage dftibetestpath()
function (recall Section 3.3.1.3). Ttehortestpath() function returns the shortest path
between two nodes in graph G. Thleortestpath() function internally uses the Dijkstra
algorithm to determine the shortest path. As the graph becomes bigger, usshgttestpath()
function may increase the execution time. Hence, the algorithm uses latitudes and longitudes
of nodes to determine the distance between the nodes. Figure 3.12 shows the pseudocode
of how the algorithm determines the distance between nodes using their geographical
coordinates.

The only requirement of version two of the algorithm is that the graph's nodes
should be geographical coordinates. Figure 3.13 showsdistance() subroutine is

used inbestdepof) function.

Figure 3.12: Pseudocode fdistance() function

43



Figure 3.13: Pseudocode for modi dxstdepof) function

Use ofdistance() subroutine in line 3, restricts the usageshbrtestpath() subroutine
to one time only in line 7.

The second version of the multi- ight algorithm does not create a subgraph from the
original graph as it consumes the bulk of the execution time. Hencisestfeasibledepaf)
(Figure 3.10) subroutine, the line 1 is removed, andasestfesibleedgé (Figure 3.11)
subroutine line 3 is removed. These are the two main modi cations done in the second

version to decrease the execution time.

3.3.3 Multi-Flight Algorithm Version 3

The third version of the multi- ight algorithm is a combination of version 1 and

version 2. It creates a subgraph from the original graph for determining the closest depots
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and required edges and usesdistance() (Figure 3.12) subroutine. The main reason for
creating the third version is to compare how the quality of solutions and execution time
varies by combining versions 1 and 2. Hence, version 3 is the same as version 2, except
in this case, line 1, and line 3 are not removed frdosestfeasibledepaf) (Figure 3.10)

andclosestfesibleedgé (Figure 3.11) subroutines respectively.

3.3.4 Multi-Flight Algorithm Version 4

The fourth version of the algorithm eliminates unwanted ights getting added to the
UAV paths due to the greedy nature of the algorithm. The main reason unwanted ights
get added in previous versions is that multiple UAVs move towards a single required edge,
and ultimately, only one UAV gets to traverse the required edge. The ights taken by other
UAVs get added to the UAV pathiP() as unwanted ights. This will increase the total
ight time. Hence, version 4 of the multi- ight algorithm modi es the algorithm to make
only one UAV move towards a required edge. This is done by using a boolean parameter.

Figure 3.14 provides the pseudocode of the fourth version of the multi- ight algorithm.
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Figure 3.14: Pseudocode for version 4 of multi- ight algorithm
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The boolean parameterF is set to true whenever the UAV needs multiple ights
to traverse the required edge. In such scenarios, the UAV starts from depot nodes which
is what condition in lines [27-28] states. Once th& parameter is set to true, in the
next iteration, the UAV availabilities are not changed in lines [4-5], and the same UAV
continues to traverse the required edge in lines [7-12] or undergo multiple ights again in
line 14 until the UAV is found infeasible to move in which cas€ is set to false in lines
[39-40].

The fourth version of the algorithm reduces the total ight time, and the number of
recharges all UAVs undergo to traverse all required edges. The maximum ight time of

both version 1 and version 4 remains the same.

3.4 Sample Example

This section presents the solution for a sample IRVRP instance using versions
1 and 4 of the multi- ight algorithm and compares their results based on maximum
ight time and total ight time. As results produced by both algorithms on the sample
IRVRP instance are determined manually, the execution times of both algorithms are not

compared.

3.4.1 IRVRP Instance Details

The multi- ight algorithm versions 1 and 4 are tested on a sample IRVRP instance,
an undirected graph consisting of 9 nodes and 13 edges. The edge weights of the edges

represent the time taken by the UAV to traverse edges in time units. All the assumptions
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stated in Section 1.2.2.1 apply. There is only 1 required edge, 3 depot nodes, and 2 UAVs
each placed at depot nodes 1 and 6 respectively. Each UAV has a capacity of 6 time units
and recharge time of 9 time units. Figure 3.15 shows the above-described sample IRVRP

instance.

Figure 3.15: Sample IRVRP instance

The main reason for choosing only 1 required edge is to highlight the differences
between version 1 and version 4 of the multi- ight algorithm in multiple- ight scenarios
(recall Section 3.1.2). Both versions of the algorithm produce similar results in single-
ight scenarios (recall Section 3.1.1). Hence, an instance where a required edge can only

be traversed by UAVs taking multiple ights is chosen.

3.4.2 Solving IRVRP Instance with Multi- ight Algorithm Version 1

This section describes how the multi- ight algorithm version 1 solves the IRVRP
instance and provides feasible ight taken by the UAVs to traverse the required edge along
with the maximum ight and total ight time.

First, the algorithm nds the rst available UAV. Initially, as all UAVs are available,
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the rst UAV in depot node 1 gets picked. Then, the algorithm determines if it is possible
to feasibly traverse edge (8,9) from depot node 1 usingltreestfeasibleedg@ function.

Figure 3.16 outlines the progress up until nding the rst available UAV.

Figure 3.16: Sample Instance Outline

The algorithm created subgraphs to ef ciently determine the closest feasible edge
which the UAV can traverse. The algorithm nds itis not possible to madke/; in depot
node 1 to feasibly traverse the required edge (8,9). Figure 3.17 shows how the algorithm

comes to that conclusion.
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Figure 3.17: Determining closest feasible edge usingestfeasibleedgf function

Now, the algorithm enters the multiple ight scenarios and shiftsiwh/; from
depot node 1 to the nearest feasible depot which gets it closer to traversing the required

edge (8,9). Figure 3.18 shows the pseudocode for that part.

Figure 3.18: Algorithm entering multiple ights scenario
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Figure 3.19 shows how the algorithm determined to feasibly mdwe/; from
depot node 1 to 5. Figure 3.20 shows the algorithm updating the locatidhAdf

highlighting the feasible ight taken.

Figure 3.19: Algorithm determining the feasible depot closer to required edge
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Figure 3.20: Algorithm determining the feasible depot closer to required edge

The algorithm again nds the rst available UAV and determines a feasible ight.
Figure 3.21 shows that the algorithm chook&V, and nds no feasible ight exists to
traverse the required edge (8,9). This is the main problem with version 1 of the multi-
ight algorithm as instead of continuing witk AV; to traverse the required edge (8,9),
it decides to us& AV, which is not needed. The main effect of switching UAVs will be

seen in total ight time.
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Figure 3.21: Algorithm determining feasible ight f&f AV, to traverse the required edge

As the algorithm does not nd any feasible ights fafAV,, it tries to move it to the
nearest feasible depot using ttlesestfeasibledepaf) function. Figure 3.22 provides

the pseudocode for this part.
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Figure 3.22: Algorithm determining feasible depotfbAV, to traverse the required edge

Figure 3.23 shows the feasible ight taken byAV, to move from depot node 6 to
depot node 5. The Figure also shows the current positidd A%, andUAV, to be at

depot node 5.
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Figure 3.23: Algorithm determining feasible depottbAV, to traverse the required edge

The algorithm now determines which UAV to choose from depot node 5 to traverse
the required edge (8,9) based on their availability. Then, it tries to design a feasible ight
to traverse the required edge using thhesestfeasibleedgé function. The algorithm

nds a feasible way to traverse the required edge (8,9) from depot node 5 and using
UAV;. Figure 3.24 shows how the algorithm determines the closest feasible edge for
UAV; from depot node 5. The other half of Figure shows in graph the part of the ight
taken byU AV, to traverse the required edge. Finally, the algorithm exists the while loop

shown in line 1 a&,, becomes empty.

55



Figure 3.24: Algorithm making) AV; feasibly traverse the required edge
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The algorithm completes the ight of thg AV; located at node 9 by designing a
feasible path from node 9 to the nearest depot nodes. The algorithm returns the paths
(Px) and arrival timesy) of both the UAVs. Figure 3.25 shows the result produced by
multi- ight algorithm version 1 along with the complete ight taken hyAV; on the
graph.

Using the arrival times of both UAVs in Figure 3.25, the maximum ight time and

the total ight time are calculated.

Maximum Flight time= max(yx) = max(18:8; 5:4) = 18:8time units. (3.1)

Total Flight time= sum(yx) = sum(18:8;5:4) = 24:2 time units. (3.2)

Figure 3.25: Final Output of multi- ight algorithm version 1
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The maximum and total ight time obtained in Equations 3.1 and 3.2 will be used
to compare against multi- ight algorithm version 4 results to determine which version

produces better quality solution routes.

3.4.3 Solving IRVRP Instance with Multi- ight Algorithm Version 4

This section describes how the multi- ight algorithm version 4 solves the IRVRP
instance and provides feasible ight takes by the UAVs to traverse the required edge
along with the maximum ight and total ight time. As the same functions are used in
both algorithms which are explained in detail in Section 3.4.2, this section will focus on
the portions where version 4 differs from version 1.

Similar to version 1, version 4 of the multi- ight algorithm starts with selecting the
rst available UAV which happens to be AV;. Then, it determines the closest feasible
edge using thelosestfeasibleedg@ function (Figure 3.17). Line 5 of the algorithm
shown in Figure 3.26 shows that no feasible edge is found and hence the algorithm tries
to moveUAV; feasibly to another depot node closer to the required edge (8,9) similar
to version 1. The main difference in version 4 is observed in lines 27-28 of Figure 3.26
wheremF parameter is set to true as the locatiorJs&V; happens to be depot node 1.

The effect of this difference will be seen in the iteration of the algorithm.
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Figure 3.26: Final Output of multi- ight algorithm version 1
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The algorithm determines the closest feasible depot node to the required edge for
UAV; to be depot node 5 using tiokosestfeasibledepat) function in line 30 of Figure
3.26. The values offi andVy in line 30 are shown directly because they are previously
shown in Figure 3.19. The algorithm moves téV; feasibly from depot node 1 to
depot node 5.

In the next iteration, as theaF was set to true, the algorithm does not check the
rst available UAV as in version 1. The algorithm continues withAV; to traverse the
required edge (8,9) as shown in lines 6-12 of the algorithm in Figure 3.26. HERd&,
is not being used for traversing the required edge which proves the point stated in Section
3.3.4 that version 4 of the multi- ight algorithm avoids unwanted ights by making only
one UAV traverse a required edge. As the required edge is traversed, it is removed from
E, making the algorithm exist from while loop in line 2.

Finally, the algorithm plans the remaining part of the ight forAV; similar to
version 1. Figure 3.27 shows the nal output of version 4 of the multi- ight algorithm
which is the pathsKy) of all the UAVs and the last arrival times of the UAVs in depots
(yx) and contains the graph with the pathWAV; taken to traverse the required edge
(8,9). Using the information of output from Figure 3.27, maximum ight time and total

ight time for version 4 are determined.

Maximum Flight time= max(yx) = max(18:8;0) = 18:8 time units. (3.3)

Total Flight time= sum(yx) = sum(18:8;0) = 18:8 time units. (3.4)
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Figure 3.27: Final Output of multi- ight algorithm version 4

Comparing the results of versions 1 and 4 of the multi- ight algorithm obtained
from the sample IRVRP instance shows that both versions gave similar results in terms
of maximum ight time (Equation 3.1 and 3.3) but version 4 produced better results in
terms of total ight time than version 1 (Equation 3.2 and 3.4) which shows that version

4 produces better quality solutions than version 1 of the multi- ight algorithm.

3.5 Summary

This chapter described in detail four versions of the proposed multi- ight algorithm
to solve the IRVRP, highlighting how each version differs from others. This chapter also

solved a sample IRVRP instance using versions 1 and 4 of the multi- ight algorithm to
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illustrate and compare the solution routes quality and determine the better version of the
algorithm for the speci ¢ sample instance considered.

The next chapter describes how IRVRP instances were created and provide and
compare the results obtained from the proposed multi- ight algorithms and the heuristic-

based approaches.
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Chapter 4. Experimentation Results

This chapter contains the experimental results obtained by testing algorithms in
heuristic-based approaches (recall Section 2.2) and all four versions of the proposed
multi- ight algorithm (recall Section 3.3) on instances taken from the literature and real-
world instances created by the author from roadmaps. The algorithms are compared based
on execution time, maximum ight time, and total ight time.

The chapter is organized in the following way. Section 4.1 provides the instance
details, their creation process, and how they are divided based on weather conditions.
Section 4.2 provides the results obtained from running algorithms on these instances.
Section 4.3 discusses the implications of the results obtained. Section 4.4 provides a

summary of this chapter.

4.1 Instances Details

This section is divided into two subsections. Section 4.1.1 and Section 4.1.2 provide

details about the instances created without and with considering wind conditions, respectively.
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4.1.1 Icy Road Instances

The section contains details regarding how DeArmon instances taken from the
literature and real-world instances modeled from actual roadmaps are converted into

IRVRP instances.

4.1.1.1 DeArmon Instance

DeArmon instance [11] consists of 23 CARP instances of undirected graphs that are
used to create IRVRP instances. Due to the differences between the CARP and the IRVRP
(recall Section 1.3), DeArmon instances cannot be used directly to test the algorithms.
The following are the modi cation made to DeArmon instances to convert them to IRVRP

instances:

1. Depots Initially, DeArmon instances consisted of only one depot. But, as multiple
depots are present in the IRVRP, one-fourth of the nodes in the graph are randomly

selected as depot nodes.

2. Required Edges DeArmon instances considered every edge in the graph as the
required edge, which was modi ed in the IRVRP instance by randomly selecting

one-third of the edges as required edges.

3. Vehicle Capacity. Vehicle capacity or maximum ight time is assumed to be twice

the maximum edge weight of the graph for the IRVRP instances.

4. Number of UAVs: The number of UAVs is assumed to be one-half of the number
of required edges present, and these UAVs are equally distributed among the depot
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nodes.

Table 4.1 provides the details of the generated IRVRP instance. The instances provided

in the table are arranged in ascending order of the number of edges present.

4.1.1.2 Real-world Instances

Real-world instances of the IRVRP are generated from roadmaps with the help of
the OSMnx [36] Python package and OpenSteet map software. OpenStreetMap (OSM)
is open-source software that allows free public access to roadmaps all over the world.
OSMnx Python package directly accesses the roadmaps from OpenStreetMap software

and Iters them, facilitating IRVRP instance creation. OSMnx package creates an undirected

Table 4.1: IRVRP instances generated from DeArmon CARP instances

Instance Name| Number of | Number of Number of Capacity | Total UAVs | Number of
Nodes Edges Required Edges Depot Nodes
1 8 11 3 18 1 2
2 11 19 5 40 2 3
3 7 21 8 16 4 2
4 7 21 8 12 4 2
5 12 22 7 40 3 3
6 11 22 8 18 4 3
7 12 22 8 40 4 3
8 12 22 7 44 3 3
9 12 22 8 40 4 3
10 13 23 7 60 3 3
11 12 25 9 38 4 3
12 12 26 9 40 4 3
13 13 26 7 44 3 3
14 10 28 9 198 4 3
15 8 28 10 16 5 2
16 8 28 10 14 5 2
17 11 33 11 18 5 3
18 9 36 13 16 6 2
19 11 44 14 18 7 3
20 22 45 16 38 8 5
21 27 46 13 18 6 6
22 27 51 16 18 8 6
23 11 55 18 16 9 3
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graph of the roadmap with nodes placed at intersections and edges being the road segments
and edge weights being the length of the road segment in meters. The undirected graph
from OSMnx is converted into IRVRP instance using the same criteria provided in Section
4.1.1.1, except for the vehicle capacity.

In real-world instances, the speci cation of the DJI Mavic PtaJaV is considered
for vehicle capacity. Following the assumptions stated in Section 1.2.2.1, all UAVs
are assumed to be the same, traveling with a constant speed of 25 km/h and having a
maximum ight time of 31 minutes due to their battery capacity. Finally, all the edge
weights of the graph given by OSMnx represented in meters are converted into minutes
by dividing it by the UAV's speed to give the amount of time the UAV takes to traverse

the edge. Table 4.2 provides the details of the IRVRP real-world instances.

4.1.2 Icy Road Weather Instances

In the icy road weather instances, the wind effects on the UAV's speed are modeled
and integrated into the instance creation process. The wind details are obtained using

OpenWeatherMap an open-source weather broadcasting tool that has a Python API

Table 4.2: IRVRP real-world instances

Instance Name | Number of | Number of Number of Capacity | Total UAVs | Number of
Nodes Edges Required Edges Depot Nodes

Montana, US 75 130 39 31 19 16
North Georgia, US 133 214 28 31 14 27
Minnesota, US 222 344 115 31 57 45
Ohio, US 192 353 113 31 56 39
North Georgia, US1 290 423 44 31 22 59
Michigan, US 288 494 163 31 81 58
Pennsylvania, US 374 622 85 31 42 75
Atlanta, Georgia, US 461 879 286 31 143 93

Ihttps:/iwww.dji.com/mavic-2/info
2https://openweathermap.org/
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called PyOWM, which lets users directly access hourly weather details of a geographical

location. Hence, it is possible to obtain the wind speed and direction of all the nodes

present in the real-world IRVRP instances 4.1.1.2 as they are geographical locations.
The following section describes how wind effects are modeled and assumptions

considered to create IRVRP weather instances.

4.1.2.1 Modeling Wind Conditions

In a real-world scenario, the wind can positively and negatively affect UAV speed
based on its magnitude and direction. Hence, there is a need to model wind conditions
to obtain realistic results. The following are the assumptions based on which wind

conditions are modeled:

1. The speed of the wind is considered to be constant.
2. The UAVs are assumed to y at a constant height.
3. The effect of wind speed is only considered along the direction the UAV is moving.

4. The velocity of the wind is less than the airspeed of the UAV.

Suppose all the UAVs are ying at a constant airspeed giverVfypeed Which
maximizes the ight time. LetV,in¢ and Dyinq be the velocity (m/s) and direction
(compass degrees) from which the wind is blowing (a northeast wind blows from the
northeast to the southwest). L¥§oundspeed aNdDyav be the ground speed (m/s) and

direction (compass degrees) from which the UAV is moving. Pdde the angle (compass

3https://pyowm.readthedocs.io/en/latest/#usage-and-technical-documentation
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degrees) made by the wind with the direction of the UAV. Compass degrees are measured

from the north in the clockwise direction.

= Dwina Duav (4.1)

As only the horizontal component of the wind affects the UAV speed (Assumption 3):

Vgroundspeed = Vairspeed + Vwind Cos (4-2)

Figure 4.1 provides a sample example highlighting the wind effects on UAV speed.
Suppose if the UAV directiond{yay ) is 270 compass degrees haviigoundspeed @aNd
Vairspeed greater than zero and the wind directidd,q ) is 45 compass degrees, then
plugging the values in Equation 4.1, thes given byd5 270 = 225compass degrees.

Plugging the value of in Equation 4.2, the following is observed

Viroundspeed = Vairspeed + Vwind COS 225 (4.3)
Vgroundspeed = Vairspeed + Vwind( 0:707) (4-4)
Vgroundspeed < Vairspeed (4-5)

As the wind is owing opposing the motion of the UAVoundspeed Of the UAV is
observed less than it speed, Which matches the pictorial representation. In the IRVRP
real-world instances (recall Section 4.1.1.2), edge weights were divided by the UAV's

speed, which was constant. But now, the speed of the UAYiSndspeed Which varies
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Figure 4.1: Sample scenario explaining wind effects on UAV speed

according to the direction and speed of the wind as seen in the equation 4.2.

As each edge in the graph can be traversed by the UAV from two directions, the
impact of the wind will not be the same for the UAV traversing the same edge from two
different directions. Hence, the UAV might take two different times to traverse the same
edge from two different directions. Hence, the icy road weather instances have directed
graphs. Each edge has two different edge weights representing two different times taken
by the UAV to traverse the same edge based on its direction of traversal.

Therefore, the only thing is remaining is to calculate the direction of the UAV
(Duav ). The velocity of the UAV Vyav = Vairspeed) as per the assumption is 25 km/h.

Suppose if the UAV is traversing an edge consisting of node a and node b, and the

UAV is moving from node a to b. Figure 4.2 explains the scenario.
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Figure 4.2: UAV traversing an edge by moving from node ato b

Equations 4.6 and 4.7 are temporary variables used to simplify calculting .

Both latitudes and longitudes of node a and b are in radians in equations 4.6 and 4.7.

Values of X andY are plugged into equation 4.8 to obtain the directi®n{y ) in

compass degrees from which the UAV if moving.

X =cos(Laty)sin(Long, Longy) (4.6)
Y =cos(Laty)sin(Lat,) sin(Lat,)cos(aty) cosLong, Longa,) 4.7)

Y
DUAV = tan 1(;) (48)

Finally, the Icy road weather instances are created from real-world instances. Table

4.3 shows the icy road weather instances with time stamps indicating the time instance

was created. The timestamp is mainly mentioned to keep track of when the wind details

were collected.

Table 4.3: Icy road weather instances

Number of | Number of Number of Number of

Instance Name Nodes Edges Required Edges Capacity | Total UAVs Depot Nodes Time Stamp
Montana, US 75 260 39 31 19 16 10/07/2021, 7:30 PM ET]|
North Georgia, US 133 428 28 31 14 27 10/07/2021, 7:50 PM ET|
Minnesota, US 222 688 115 31 57 45 10/07/2021, 8:00 PM ET]
Ohio, US 192 706 113 31 56 39 10/07/2021, 8:17 PM ET]|
North Georgia, US1 290 846 44 31 22 59 10/07/2021, 10:15 PM ET
Michigan, US 288 988 163 31 81 58 10/07/2021, 10:27 PM ET
Pennsylvania, US 374 1244 85 31 42 75 10/07/2021, 11:12 PM ET
Atlanta, Georgia, US 461 1758 286 31 143 93 10/07/2021, 11:47 PM ET
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4.2 Instances Results

This section contains the results obtained by testing all four versions of the multi-
ight algorithm (recall Subsections 3.3.1, 3.3.2, 3.3.3 and 3.3.4) and the heuristic-based
approaches (recall Section 2.2) on the IRVRP instances (recall Section 4.2), compares
them based on maximum ight time, total ight time, and execution time, and determines
which algorithm performs better in which scenarios and under what assumptions. The
results are described in detail in the following sections (recall Subsections 4.2.1, 4.2.2 and
4.2.3), but it is important to know the format used to represent the results. The following
points provide necessary details regarding the results to understand the results presented

in the following sections:

1. The results obtained are represented in radar charts evaluated based on total ight

time, maximum ight time, and execution time.

2. Each radar chart contains the results obtained from different algorithms on one
instance. For example, the DeArmon instance de ned in Subsection 4.1.1.1 consists

of 23 instances, so there are 23 radar charts provided in total.

3. The following are the abbreviations used to represent the names of the algorithm:
(i) PS - Path Scanning Algorithm (ii) AM - Augment Merge Algorithm (ii) CS -
Construct Strike Algorithm (iv) MF-1 - Multi- ight Algorithm version 1 (v) MF-

2 - Multi- ight Algorithm version 2 (vi) MF-3 - Multi- ight Algorithm version 3

(vii) MF-4 - Multi- ight Algorithm version 4.

4. Forresults obtained from heuristic-based approaches, the results will be represented
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like PS + MF-1, which means that the instance is solved using Path Scanning

algorithm followed by multi- ight algorithm version 1 (if required).

5. In radar charts, each algorithm is assigned a different color to differentiate them.
But, for certain instances, two algorithms might produce similar results, resulting
in overlapping colors. Hence, for those instances, two algorithms are represented
using the same color. For example, if Multi- ight algorithm versions 1 and 4
produce the same results, they are represented like MF-1 and MF-4 with the same

color.

4.2.1 DeArmon Instance Results

This section provides the results obtained from algorithms by testing them on DeArmon
Instances. As there are 23 DeArmon instances, it is divided into three sets of the small,
medium, and large instances based on the number of edges for clarity.

For the DeArmon instances, only the results obtained from versions 1 and 4 of
the multi- ight algorithm and the heuristic-based approaches are provided and compared.
The reason for not including the results of versions 2 and version 3 of the multi- ight
algorithm is because there are no positional attributes speci ed for nodes in DeArmon
instances which means there is no particular structure for the undirected graphs. The
nodes can be randomly placed anywhere and connected by edges consisting of edge
weights to form an undirected graph. Since, versions 2 and 3 of the multi- ight algorithm
depend on positional attributes of the node like latitudes and longitudes, to get an approximate

value for distance (Figure 3.12) between nodes, these versions cannot produce results for
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the DeArmon instances.

As discussed earlier in Subsection 2.2.4, heuristic-based approaches only provide
solution routes consisting of single ights for the IRVRP. As a result, heuristic-based
approaches may not produce feasible solutions to all DeArmon instances. Hence, for
heuristic-based approaches to produce feasible solutions to all DeArmon instances, rst,
an instance is solved using heuristic-based approaches, and if any of the required edges
are not traversed, then the routes to traverse the remaining required edges is determined
using version 1 of the multi- ight algorithm.

The following section provides the results obtained by testing algorithms on DeArmon

instances divided into a set of small, medium, and large instances.

4.2.1.1 DeArmon Small Instances Results

DeArmon instances having the number of edges between 0 and 25 are grouped
under DeArmon small instances. It consists of 11 instances taken from the original
DeArmon instances (recall Subsection 4.1.1.1). Table 4.4 provides the details on DeArmon

small instances.

Table 4.4: DeArmon Small instances

Instance Name| Number of | Number of Number of Capacity | Total UAVs | Number of
Nodes Edges Required Edges Depot Nodes
1 8 11 3 18 1 2
2 11 19 5 40 2 3
3 7 21 8 16 4 2
4 7 21 8 12 4 2
5 12 22 7 40 3 3
6 11 22 8 18 4 3
7 12 22 8 40 4 3
8 12 22 7 44 3 3
9 12 22 8 40 4 3
10 13 23 7 60 3 3
11 12 25 9 38 4 3
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Figures 4.3 and 4.4 provides the results obtained for DeArmon small instances
(Table 4.4) for heuristic-based approaches and multi- ight algorithm versions 1 and version
4. As there are 11 instances in DeArmon small instances, there are 11 radar charts
provided. In radar charts, the results of each algorithm form a triangular structure as there
are three-axis which are total ight time (left), maximum ight time (top), and execution
time (right). A bigger triangle is not desirable as it implies that the algorithm takes more
execution time and produces feasible routes but is far from optimal.

In all these radar charts in Figures 4.3 and 4.4, the multi- ight algorithm versions 1
and 4 produces better quality solutions routes because of lower maximum and total ight
time than heuristic based approaches in all 11 DeArmon small instances but heuristic
based approaches have lower execution time than multi- ight algorithms. This shows
that multi- ight algorithm versions 1 and 4 produce better quality but not faster solution

routes than heuristic-based approaches for all DeArmon small instances.
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Figure 4.3: DeArmon Small Instances Results Part-1. The following de nes the legend:
(i) PS - Path Scanning Algorithm (i) AM - Augment Merge Algorithm (ii) CS
- Construct Strike Algorithm (iv) MF-1 - Multi- ight Algorithm version 1 (v)
MF-2 - Multi- ight Algorithm version 2 (vi) MF-3 - Multi- ight Algorithm
version 3 (vii) MF-4 - Multi- ight Algorithm version 4. Maximum and Total
Flight Time are in time units and Execution time is in milliseconds.
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Figure 4.4: DeArmon Small Instances Results Part-2. The following de nes the legend:
(i) PS - Path Scanning Algorithm (ii) AM - Augment Merge Algorithm (ii) CS
- Construct Strike Algorithm (iv) MF-1 - Multi- ight Algorithm version 1 (v)
MF-2 - Multi- ight Algorithm version 2 (vi) MF-3 - Multi- ight Algorithm
version 3 (vii) MF-4 - Multi- ight Algorithm version 4.Maximum and Total
Flight Time are in time units and Execution time is in milliseconds.
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Tables 4.5, 4.6, 4.7 and 4.8 provides the details of the results obtained from Path
Scanning Algorithm, Construct Strike Algorithm, Augment Merge Algorithm, and multi-
ight algorithm versions 1 and 4 respectively for DeArmon small instances. For some
instances, Execution Time MF-1, Maximum Flight Time MF-1 and Total Flight time
MF-1 columns in Tables 4.5, 4.6 and 4.7 may be zero which implies those instances

were solve only using heuristic based approaches and there was no need of multi- ight

algorithm version 1.

Table 4.5: Path Scanning Algorithm results for DeArmon Small instances

Instance Egecution Execulion ] Execution Maximum Flight Max_imum Flight Maximum Flight Total Flight thal Flight ] Total Flight
Name Time PS | Time MF-1 | Time (PS + MF-1) Time P_S Time MF-l Time_ PS +.MF-1) _T|m6 P_S Time MF-l Tima (PS +.MF-1)
(sec) (sec) (sec) (time units) (time units) (time units) (time units) | (time units) (time units)
1 0 0 0 214 0 214 214 0 214
2 0.01 0 0.01 264 0 264 410 0 410
3 0.02 0 0.02 113 0 113 444 0 444
4 0.01 0 0.01 100 0 100 390 0 390
5 0.01 0 0.01 233 0 233 515 0 515
6 0.02 0 0.02 115 0 115 436 0 436
7 0.02 0 0.02 148 0 148 545 0 545
8 0.01 0 0.01 257 0 257 541 0 541
9 0.02 0 0.02 263 0 263 596 0 596
10 0.02 0.02 0.04 187 391 578 450 949 1399
11 0.02 0 0.02 244 0 244 650 0 650
Table 4.6: Construct Strike Algorithm results for DeArmon Small instances
Instance E)fecution Execution ] Execution Maximum Flight Max_imum Flight Maximum Flight Tomal Flight T_otal Flight ] Total Flight
Name Time CS | Time MF-1 | Time (CS + MF-1) Time CS Time MF-1 Time CS+MF-1| TimeCS | Times MF-1 | Time CS + MF-1
(sec) (sec) (sec) (time units) (time units) (time units) (time units) | (time units) (time units)
1 0.01 0.01 0.02 108 214 322 108 214 322
2 0.01 0 0.01 264 0 264 410 0 410
3 0.01 0.01 0.02 111 113 224 236 445 681
4 0.01 0 0.01 197 0 197 394 0 394
5 0.02 0 0.02 273 0 273 521 0 521
6 0.03 0.01 0.04 111 115 226 330 436 766
7 0.04 0.01 0.05 154 154 308 433 551 984
8 0.02 0.02 0.04 140 272 412 294 556 850
9 0.02 0.01 0.03 152 263 415 467 707 1174
10 0.01 0.02 0.03 135 395 530 305 953 1258
11 0.03 0.02 0.05 235 240 475 395 740 1135
Table 4.7: Augment Merge Algorithm results for DeArmon Small instances
Instance Egecution Execution ] Execution Maximum Flight Max‘imum Flight Maximum Flights To_tal Flight thal Flight ] Total Flight
Name Time AM | Time MF-1 | Time (AM + MF-1) Time AM Time Mi_i-l Timg (AM+MF-1) i’ime AM Time Mi_i-l TimeA(AM +.MF-1)
(sec) (sec) (sec) (time units) (time units) (time units) (time units) | (time units) (time units)
1 0 0 0 236 0 236 236 0 236
2 0.01 0 0.01 264 0 264 410 0 410
3 0.02 0 0.02 113 0 113 444 0 444
4 0.02 0 0.02 102 0 102 398 0 398
5 0.01 0 0.01 297 0 297 579 0 579
6 0.02 0 0.02 115 0 115 453 0 453
7 0.02 0 0.02 167 0 167 603 0 603
8 0.02 0 0.02 314 0 314 598 0 598
9 0.02 0 0.02 263 0 263 596 0 596
10 0.02 0.02 0.04 187 507 694 520 1313 1833
11 0.02 0 0.02 285 0 285 711 0 711
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Table 4.8: Muti-Flight Algorithm version 1 and 4 results for DeArmon Small instances

Instance Execution Max_imum Flight thal Flight Execution Max_imum Flight thal Flight
Name Time MF-1 T!me ME-l T!me MF-l Time MF-4 T!me MF-4 T!me ME-4
(sec) (time units) (time units) (sec) (time units) (time units)

1 0.011 64 64 0.015 64 64

2 0.035 244 381 0.03 244 381

3 0.051 16 58 0.049 16 58

4 0.053 32 51 0.051 32 51

5 0.044 136 291 0.039 136 291

6 0.066 61 144 0.067 61 144

7 0.075 138 222 0.06 138 222

8 0.053 163 243 0.056 163 243

9 0.06 149 354 0.056 149 354

10 0.048 361 761 0.054 361 617

11 0.062 121 310 0.063 121 310

4.2.1.2 DeArmon Medium Instances Results

DeArmon instances having the number of edges between 26 and 40 are grouped
under DeArmon medium instances. It consists of 7 instances taken from the original
DeArmon instances (recall Subsection 4.1.1.1). Table 4.9 provides the details on DeArmon
medium instances.

Figure 4.5 and 4.6 provides the results obtained for DeArmon medium instances
for heuristic-based approaches and multi- ight algorithm version 1 and version 4. The
radar charts remain consistent with the ones produced for DeArmon small instances, with

multi- ight algorithms giving better results in terms of maximum and total ight time but

Table 4.9: DeArmon Medium Instances

Instance Name| Number of | Number of Number of Capacity | Total UAVs | Number of
Nodes Edges Required Edges Depot Nodes
12 12 26 9 40 4 3
13 13 26 7 44 3 3
14 10 28 9 198 4 3
15 8 28 10 16 5 2
16 8 28 10 14 5 2
17 11 33 11 18 5 3
18 9 36 13 16 6 2
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not execution time than heuristic-based approaches.

Tables 4.10, 4.11, 4.12 and 4.13 provides the details of the results obtained from
Path Scanning Algorithm, Construct Strike Algorithm, Augment Merge Algorithm, and
multi- ight algorithm version 1 and version 4 respectively, for DeArmon medium instances.
For some instances, Execution Time MF-1, Maximum Flight Time MF-1 and Total Flight
time MF-1 columns in Tables 4.10, 4.11 and 4.12 may be zero which implies those
instances were solve only using heuristic based approaches and there was no need of

multi- ight algorithm version 1.
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Figure 4.5: DeArmon Medium Instances Results Part-1. The following de nes the
legend: (i) PS - Path Scanning Algorithm (ii) AM - Augment Merge
Algorithm (ii) CS - Construct Strike Algorithm (iv) MF-1 - Multi- ight
Algorithm version 1 (v) MF-2 - Multi- ight Algorithm version 2 (vi) MF-3 -
Multi- ight Algorithm version 3 (vii) MF-4 - Multi- ight Algorithm version
4. Maximum and Total Flight Time are in time units and Execution time is in
milliseconds. 80



Figure 4.6: DeArmon Medium Instances Results Part-2. The following de nes the

legend: (i) PS - Path Scanning Algorithm (ii) AM - Augment Merge
Algorithm (ii) CS - Construct Strike Algorithm (iv) MF-1 - Multi- ight
Algorithm version 1 (v) MF-2 - Multi- ight Algorithm version 2 (vi) MF-3 -
Multi- ight Algorithm version 3 (vii) MF-4 - Multi- ight Algorithm version

4. Maximum and Total Flight Time are in time units and Execution time is in
milliseconds.

Table 4.10: Path Scanning Algorithm results for DeArmon Medium instances

Instance Execution !Execution ) Execution Maximum Flight Max.imum Flight Maximum Flight Totlal Flight Tgtal Flight ) Total Flight
Name Time PS | Time MF - 1 | Time (PS + MF-1) Time PS Time MF-1 Time (PS + MF-1) | Time PS | Time MF-1 | Time (PS+MF-1)

(sec) (sec) (sec) (time units) (time units) (time units) (time units) | (time units) (time units)
12 0.02 0 0.02 245 0 245 646 0 646
13 0.02 0.02 0.04 154 345 499 397 840 1237
14 0.02 0 0.02 255 0 255 670 0 670
15 0.03 0 0.03 110 0 110 525 0 525
16 0.03 0 0.03 104 0 104 507 0 507
17 0.03 0 0.03 201 0 201 609 0 609
18 0.04 0 0.04 203 0 203 729 0 729

Table 4.11: Construct Strike Algorithm results for DeArmon Medium instances

Instance E)fecution Execution ] Execution Maximum Flight Maxlimum Flight Maximum Flight Tot‘al Flight Tgtal Flight ) Total Flight
Name Time CS | Time MF-1 | Time (CS+MF-1) Time CS Time MF-1 Time CS+MF-1| TimeCS | Time MF-1 | Time (CS + MF-1)

(sec) (sec) (sec) (time units) (time units) (time units) (time units) | (time units) (time units)
12 0.03 0.01 0.04 143 245 388 108 214 322
13 0.02 0.01 0.03 154 231 385 410 0 410
14 0.02 0 0.02 350 0 350 236 445 681
15 0.03 0.01 0.04 104 110 214 394 0 394
16 0.02 0.01 0.03 102 104 206 521 0 521
17 0.06 0.01 0.07 110 201 311 330 436 766
18 0.06 0.01 0.07 206 206 412 433 551 984
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Table 4.12: Augment Merge Algorithm results for DeArmon Medium instances

Instance E_xecution Execution ] Execution Maximum Flight Max_imum Flight Maximum Flight To_tal Flight Tc_)tal Flight ] Total Flight
Name Time AM | Time MF-1 | Time (AM + MF-1) Time AM Time MF-1 Time (AM+MF-1) | Time AM | Time MF-1 | Time (AM + MF-1)

(sec) (sec) (sec) (time units) (time units) (time units) (time units) | (time units) (time units)
12 0.02 0 0.02 245 0 245 646 0 646
13 0.02 0.02 0.04 154 345 499 397 840 1237
14 0.03 0 0.03 337 0 337 799 0 799
15 0.02 0 0.02 114 0 114 536 0 536
16 0.02 0 0.02 110 0 110 515 0 515
17 0.03 0 0.03 209 0 209 631 0 631
18 0.04 0 0.04 226 0 226 774 0 774

Table 4.13: Muti-Flight Algorithm version 1 and 4 results for DeArmon Medium
instances

Instance Execution Max.imum Flight Tgtal Flight Execution Max.imum Flight Tgtal Flight
Name Time MF-1 T_|me ME-l T_|me ME-l Time MF-4 T_|me ME-4 T!me ME-4
(sec) (time units) (time units) (sec) (time units) (time units)
12 0.094 148 339 0.075 148 335
13 0.054 166 440 0.056 166 440
14 0.081 63 186 0.078 63 186
15 0.089 16 53 0.082 16 53
16 0.1 13 41 0.084 13 41
17 0.123 52 97 0.137 52 97
18 0.17 16 73 0.12 16 73

4.2.1.3 DeArmon Large Instances Results

DeArmon instances having the number of edges between 41 and 55 are grouped
under DeArmon medium instances. It consists of 5 instances taken from the original
DeArmon instances (recall Subsection 4.1.1.1). Table 4.14 provides the details on DeArmon
large instances.

Figure 4.7 provides the results obtained for DeArmon medium instances for heuristic-

based approaches and multi- ight algorithm version 1 and version 4. The results of large

Table 4.14: DeArmon Large Instances

Instance Name| Number of | Number of Number of Capacity | Total UAVs | Number of
Nodes Edges Required Edges Depot Nodes
19 11 44 14 18 7 3
20 22 45 16 38 8 5
21 27 46 13 18 6 6
22 27 51 16 18 8 6
23 11 55 18 16 9 3
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instances remain consistent with medium and small instances results.

Tables 4.15, 4.16, 4.17 and 4.18 provides the details of the results obtained from
Path Scanning Algorithm, Construct Strike Algorithm, Augment Merge Algorithm, and
multi- ight algorithm versions 1 and 4 respectively, for DeArmon large instances. For
some instances, Execution Time MF-1, Maximum Flight Time MF-1 and Total Flight time
MF-1 columns in Tables 4.15, 4.16 and 4.17 may be zero which implies those instances
were solve only using heuristic based approaches and there was no need of multi- ight

algorithm version 1.
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Figure 4.7: DeArmon Large Instances Results. The following de nes the legend: (i) PS
- Path Scanning Algorithm (ii) AM - Augment Merge Algorithm (ii) CS -
Construct Strike Algorithm (iv) MF-1 - Multi- ight Algorithm version 1 (v)
MF-2 - Multi- ight Algorithm version 2 (vi) MF-3 - Multi- ight Algorithm
version 3 (vii) MF-4 - Multi- ight Algorithm version 4. Maximum and Total
Flight Time are in time units and Execution time is in milliseconds.
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Table 4.15: Path Scanning Algorithm results for DeArmon Large instances

Instance Execution Execution ] Execution Maximum Flight Max'imum Flight Maximum Flight Tot_al Flight thal Flight ] Total Flight
Name Time PS | Time MF-1 | Time (PS + MF-1) Time P_S Time MF-l Timg (PS+MF-1) _Time P_S Time ME-l Time_ (PS +_MF-1)
(sec) (sec) (sec) (time units) (time units) (time units) (time units) | (time units) (time units)
19 0.05 0 0.05 106 0 106 711 0 711
20 0.08 0 0.08 146 0 146 1012 0 1012
21 0.04 0 0.04 208 0 208 763 0 763
22 0.1 0 0.1 436 0 436 908 0 908
23 0.09 0 0.09 106 0 106 930 0 930

Table 4.16: Construct Strike Algorithm results for DeArmon Large instances

Instance Execution Execution ] Execution Maximum Flight Max_imum Flight Maximum Flight Tot_al Flight Tc_nal Flight ] Total Flight
Name Time CS | Time MF-1 | Time (CS + MF-1) Time QS Time MF-l Timg (CS+i\/|F-1) Time QS Time ME-l Time_ (Cs +.MF-1)
(sec) (sec) (sec) (time units) (time units) (time units) (time units) | (time units) (time units)
19 0.05 0 0.05 113 0 113 718 0 718
20 0.11 0.01 0.12 254 254 508 931 1039 1970
21 0.07 0.02 0.09 208 208 416 662 873 1535
22 0.14 0.08 0.22 320 320 640 693 1197 1890
23 0.1 0.02 0.12 111 111 222 739 937 1676

Table 4.17: Augment Merge Algorithm results for DeArmon Large instances

Instance Execution Execution ] Execution Maximum Flight Max_imum Flight Maximum Flight To_tal Flight Ti_)tal Flight ] Total Flight
Name Time AM | Time MF-1 | Time (AM + MF-1) Time AM Time MF-1 Time (AM+MF-1) | Time AM | Time MF-1 | Time (AM + MF-1)
(sec) (sec) (sec) (time units) (time units) (time units) (time units) | (time units) (time units)
19 0.05 0 0.05 118 0 118 753 0 753
20 0.11 0 0.11 154 0 154 1041 0 1041
21 0.05 0 0.05 219 0 219 774 0 774
22 0.13 0 0.13 436 0 436 908 0 908
23 0.1 0 0.1 115 0 115 1009 0 1009

Table 4.18: Muti-Flight Algorithm version 1 and 4 results for DeArmon Large instances

Instance E_xecution Max_imum Flight thal Flight Execution Max_imum Flight T(_)tal Flight
Name Time MF-1 Time ME-l Time ME-l Time MF-4 Time ME-4 Time ME-4
(sec) (time units) (time units) (sec) (time units) (time units)
19 0.23 48 113 0.196 48 113
20 0.285 31 192 0.305 31 192
21 0.139 66 278 0.219 107 235
22 0.328 103 508 0.343 104 293
23 0.393 44 175 0.396 44 175

4.2.2 Real-world Instances Results

This section provides results from testing algorithms on real-world instances (recall
Subsection 4.1.1.2) without considering the wind conditions.
As discussed earlier in Subsection 4.1.1.2, which describes how real-world IRVRP

instances are created from actual roadmaps by using the same procedure in Subsection
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4.1.1.1, which is to randomly make certain nodes and edges as depots and required edges,
respectively. Random selection of nodes as depots may produce instances where the
UAVs can't move from one depot to all other depots feasibly. This also implies that

in these instances, certain required edges may be feasibly traversed by UAVs present in
certain depots only. Such instances may have undesired effects in multi- ight algorithm
version 4.

In multi- ight algorithm version 4, only one UAV is selected to traverse a required
edge. Suppose the selected UAV is located at a depot from where it is not possible to
traverse the required edge feasibly, then the UAV will enter an in nite loop undergoing
multiple ights without actually nearing the required edge. Other versions of multi- ight
algorithms (recall Subsections 3.3.1, 3.3.2 and 3.3.3) do not face this problem because
multiple UAVs try to traverse a required edge. Even if one UAV cannot traverse the
required edge, other UAVs might traverse it. Hence, for certain real-world instances,
multi- ight algorithm version 4 results are not provided because of randomness in instance
creation.

As the real-word instance are more complex in terms of the number of nodes, edges,
and required edges than the DeArmon Instances, the results obtained from algorithms will
follow the same trend of producing large values of maximum ight time, total ight time
and execution time and difference in these values produced by different algorithms may be
more signi cant. Hence, to facilitate comparison between algorithms and visualization,
the three-axis of the radar charts representative of maximum ight time, total ight time,
and execution time will be in natural log scale. Figure 4.8 and 4.9 provide the results of

the real-world instance in Table 4.2.
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Figure 4.8: Real-world instance results Part-1. The following de nes the legend: (i) PS
- Path Scanning Algorithm (ii) AM - Augment Merge Algorithm (ii) CS -
Construct Strike Algorithm (iv) MF-1 - Multi- ight Algorithm version 1 (v)
MF-2 - Multi- ight Algorithm version 2 (vi) MF-3 - Multi- ight Algorithm
version 3 (vii) MF-4 - Multi- ight Algorithm version 4. Execution time,
Maximum and Total Flight Time are represented in log scale.
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