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ABSTRACT

AN UNMANNED AERIAL VEHICLE ROUTING PROBLEM IN OFFSET
SURVEILLANCE MISSIONS

Demı̇r, Azı̇ze
M.S., Department of Industrial Engineering

Supervisor: Prof. Dr. Sinan Gürel

September 2025, 65 pages

This thesis investigates the routing problem of an unmanned aerial vehicle (UAV)

with a particular focus on offset surveillance operations, where the mission is exe-

cuted from a certain distance and side.

The primary objective is to formulate this real-life problem and provide a mathemat-

ical model for it. However, the computational results reveal that the exact solution

approach becomes impractical for most of the problem sizes due to excessive solu-

tion times and memory requirements. Therefore, a metaheuristic approach based on a

neighborhood search algorithm with simulated annealing is also designed to provide

a solution approach for the management of such a daily operation.

The main contribution of this study comes from the introduction of a novel variant of

the UAV routing problem that reflects offset surveillance requirements. To the best of

our knowledge, an unmanned aerial vehicle routing in offset surveillance has not been

studied in the literature before, thereby opening a new line of research in operations

research.

In addition to that, it demonstrates the effectiveness of metaheuristic approaches for
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addressing the computational intractability of the exact solution approach in such

problems by a practical solution methodology that can be adapted to real-world UAV

surveillance applications.

Keywords: UAV, Routing, Offset Surveillance, Mission Planning, Mathematical Mod-

eling, Simulated Annealing

vi



ÖZ

BİR İNSANSIZ HAVA ARACININ KAYDIRILMIŞ GÖZETLEME
GÖREVLERİ İÇİN ROTALANMASI PROBLEMİ

Demı̇r, Azı̇ze
Yüksek Lisans, Endüstri Mühendisliği Bölümü

Tez Yöneticisi: Prof. Dr. Sinan Gürel

Eylül 2025 , 65 sayfa

Bu tez, gözetleme görevlerinde kullanılan insansız hava aracı (İHA) rotalama prob-

lemini, özellikle görevin belirli bir mesafe ve yönden icra edildiği kaydırılmış gözet-

leme operasyonlarına odaklanarak incelemektedir.

Çalışmanın temel amacı, bu gerçek yaşam problemini formüle etmek ve matema-

tiksel model geliştirmektir. Ancak yapılan analizler sonucunda, artan problem bo-

yutlarında kesin çözüm yöntemlerinin yüksek bellek gereksinimleri ve uzun çözüm

süreleri nedeniyle pratikte uygulanabilir olmadığı gözlemlenmiştir. Bu nedenle, söz

konusu operasyonların etkin bir şekilde yönetilebilmesi için benzetilmiş tavlama te-

melli bir komşu arama algoritmasına dayalı meta-sezgisel bir yaklaşım tasarlanmış

ve alternatif bir çözüm metodolojisi olarak sunulmuştur.

Bu çalışmanın temel katkısı, kaydırılmış gözetleme gereksinimlerini yansıtan yeni

bir insansız hava aracı (İHA) rotalama problemi versiyonunun literatüre kazandırıl-

masıdır. Bildiğimiz kadarıyla, literatürde belirli bir mesafe ve yön gereksinimi olan

gözetleme operasyonları için İHA rotalaması problemine yönelik bir çalışma bulun-
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mamaktadır. Bu yönüyle çalışma, yöneylem araştırması ve İHA görev planlaması li-

teratüründe yeni bir araştırma alanı açmaktadır. Ayrıca, bu tür problemlerin hesap-

lamalı zorluklarını ele almak için meta-sezgisel yaklaşımların etkinliğini ortaya ko-

yarak, gerçek dünyadaki İHA gözetleme operasyonlarına uyarlanabilecek pratik bir

çözüm metodolojisi sunmaktadır.

Anahtar Kelimeler: İHA, Rotalama, Kaydırmalı Gözetleme, Görev Planlama, Mate-

matiksel Modelleme, Tavlama Benzetimi
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CHAPTER 1

INTRODUCTION

Unmanned aerial vehicles (UAVs) are undeniably among the most epoch-making

technological advancements in human history. Owing to their ability to eliminate

human risk in hazardous tasks, UAVs are widely employed in military operations.

Beyond military applications, their use is expanding rapidly in civilian domains such

as search and rescue, as well as damage assessment during natural disasters like earth-

quakes, floods, and wildfires.

With increasing variety and rapidly advancing payload capabilities, UAVs exhibit

significant potential in surveillance, reconnaissance, and combat missions. According

to Precedence Research (Research, 2025), the global UAV market size is estimated

to be approximately USD 37 billion in 2024. Growing at a compound annual growth

rate (CAGR) of 15.50% from 2025 to 2034, the market is expected to reach USD

157 billion by 2034. This indicates that studies concerning unmanned aerial vehicles

(UAVs) are expected to gain increasing prominence in the future.

UAVs are engineered with diverse features and capabilities tailored to specific op-

erational demands. For instance, Medium-Altitude Long-Endurance (MALE) UAVs

operate within an altitude band of 10,000 to 30,000 feet and are capable of main-

taining flight durations ranging from 24 to 48 hours. These characteristics enable

a UAV to perform multiple surveillance or reconnaissance missions within a single

flight operation, thereby introducing the necessity for route optimization.

UAVs are heavily used for surveillance and reconnaissance. In this thesis, we con-

sider a problem that can be seen as a route optimization in which a UAV is tasked with

executing a series of such operations. The route optimization problem for UAVs can
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be modeled as a tour generation problem among predefined target coordinates. In this

framework, a UAV departs from a runway, visits each designated target location from

a specific altitude, and then returns to its point of origin. The objective is to deter-

mine a tour that minimizes metrics such as total travel distance or fuel consumption,

subject to operational constraints. To better illustrate the operational context, Figure

1.1 presents a visual representation of the problem environment.

Figure 1.1: Illustration of a Surveillance and Reconnaissance Mission

In such problems, the set of target locations to be visited is predetermined by the

relevant organization or client and delivered to the UAV operator in advance. In

addition to that, fuel consumption parameters are inherently tied to the specific UAV

model selected. The determination and procurement of a UAV is a strategic-level

decision, occurring far less frequently than the operational-level task of planning daily

missions. Therefore, the UAV model can be considered a fixed input to the problem

and is not subject to decision-making within the scope of this study.

Additionally, external factors such as weather conditions and flight altitude can affect
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the operational cost. However, these factors are excluded from consideration in this

model, as they are beyond the control of the operator and are typically addressed

through separate studies and mitigation strategies. Overall, given the fixed nature of

the UAV and mission parameters, scheduling emerges as the most critical component

for optimizing objectives such as fuel consumption.

During an operation, the flight altitude of a UAV is regulated by the appropriate avia-

tion authorities to ensure safe integration with air traffic. As a result, a UAV initially

flies at the assigned altitude and subsequently descends to a lower altitude to carry

out its mission tasks. Since altitude levels are predefined and not subject to operator

control, the problem can be modeled as occurring within a two-sided operational en-

vironment. To clarify the structure of the problem, a bird’s-eye view is illustrated in

Figure 1.2.

Figure 1.2: A Two-sided View Illustrating the Problem

Surveillance and reconnaissance missions involve remote collection of visual or sen-

sory data at target locations. These tasks are typically carried out using onboard
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high-resolution electro-optical, infrared cameras, or radar-based sensors on a UAV.

Since these technological devices allow us to meet needs from a distance, the vehicle

does not need to visit the exact coordinates of the given target. In other words, the

target can be seen as a group of coordinates or a circle under an assigned altitude.

Figure 1.3 illustrates the potential observable area for each target in the absence of

any external constraints.

Figure 1.3: A Two-sided View Illustrating Both the Target and the UAV’s Observable

Field

On the other hand, every real-life UAV mission is inherently subject to various oper-

ational constraints. One of the most critical among them is the presence of physical

obstacles. For instance, certain geographical features may obstruct line-of-sight vis-

ibility from specific directions, transforming the theoretical circular visibility area

around a target into a partial arc. In this study, the candidate positions along such arcs

are referred to as “surveillance points”.

Wind conditions also play a significant role in the selection of appropriate surveillance
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points. In military missions, for example, the UAV’s engine noise may be detected

by the target if the vehicle approaches from the windward side. Therefore, it is often

necessary to approach from the opposite direction to prevent such an undesired case.

A similar constraint arises in fire damage assessment missions, where smoke carried

by the wind can obstruct visibility and prevent effective monitoring from certain di-

rections. These environmental and situational factors add a layer of complexity to the

problem, and that makes the specialty of the problem in this study.

Specifically, the objective of the problem is to jointly determine the visiting sequence

of the targets and the optimal surveillance point on the corresponding arc. To make

the problem tractable, the enumeration of the surveillance arc is employed, thereby

discretizing the continuous set of possible observation points. Figure 1.4 illustrates

the targets, the enumerated surveillance points for each, and an example of an optimal

tour. Once a UAV visits one of the designated surveillance points for a target, the

mission for that target is considered completed. Thus, the goal is to construct a route

among the surveillance points that minimizes the overall mission cost.

Figure 1.4: Illustration of Problem: Targets, Surveillance Points and the Optimal Tour
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The primary focus of this study is tour construction, which aligns the problem with

the well-known Travelling Salesman Problem (TSP) in the operations research liter-

ature. However, unlike the classical TSP, where a single point represents each target,

the targets in this study are associated with a set of candidate surveillance points,

increasing the problem’s complexity. Since the TSP is classified as an NP-hard prob-

lem, the problem addressed in this study is also NP-hard by extension.

To the best of our knowledge, the problem considered in this thesis has similarities in

the existing generalized travel salesman problem (GTSP) literature. Accordingly, the

principal contribution of this study is the introduction of a new problem definition for

real life issues, which broadens the scope of research in this field.

A mathematical model is formulated to deal with the problem. However, as expected,

the model struggles to deliver a solution within acceptable time limits when the prob-

lem size increases. Given that tour generation is an operational-level decision, solu-

tion time becomes a critical factor; delays are often unacceptable in real-world sce-

narios. Therefore, a metaheuristic approach is also proposed.

The metaheuristic method begins with the construction of an initial solution using a

greedy approach, which is then refined using a simulated annealing algorithm. The

performance of both the exact and metaheuristic approaches is assessed through com-

prehensive experimental analysis, and the results are discussed in detail in the corre-

sponding sections of this report.

In summary, the exact approach is only feasible for small-sized problems because of

the time required to provide a solution. As the problem size grows, the quality of the

solution deteriorates, and the time required increases significantly. In contrast, the

metaheuristic approach yields feasible solutions across all tested scenarios within a

reasonable time frame. Notably, in small instances, the metaheuristic performs com-

parably to the exact method, while in larger instances, it delivers superior solutions

within seconds.

To conclude, with ongoing technological advancements, unmanned aerial vehicles are

achieving greater endurance and are increasingly equipped with advanced long-range

cameras. These developments will inevitably lead to more sophisticated and complex
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optimization problems, emphasizing the importance of scalable and adaptive solution

approaches such as the one presented in this study.

Outline of the rest of the thesis: Chapter 2 reviews the related literature. Chapter

3 introduces the problem definition together with its mathematical formulation. The

proposed metaheuristic solution approach is presented in Chapter 4. Chapter 5 reports

the computational results and their analysis. Finally, Chapter 6 concludes the thesis

with closing remarks and potential directions for future research.
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CHAPTER 2

LITERATURE REVIEW

The special case of the problem addressed in this thesis can be regarded as the Trav-

eling Salesman Problem (TSP). Unlike the classical waypoint assignment, the exten-

sion constitutes a specific case of the UAV Routing Problem, where the objective is

not only to construct a tour, as in the TSP, but also to determine the surveillance coor-

dinates of each target from an arc defined as the offset surveillance set. This structure

distinguishes the problem from traditional TSP models to generalized or set TSP and

positions it as a novel problem within the area of unmanned aerial vehicle operations.

As a result, an extensive review of the existing literature on TSP, as well as studies on

the area of operation of unmanned aerial vehicles, is conducted in a thorough way.

2.1 Review on Travelling Salesman Problem

The TSP is a well-known combinatorial optimization problem. The problem owner

wants to visit a set of nodes. Using the set of nodes and the distances between each

pair of nodes, the goal is to find the shortest possible route while visiting each node

only once and finishing the tour at the starting point. The TSP is classified as an NP-

hard problem. This class of problems is at least as hard as the hardest problems in

NP.

The Traveling Salesman Problem (TSP) has been recorded since 1930. The first math-

ematical formulation of the problem is provided by Merrill M. Flood (Flood, 1948).

The work by Dantzig et al., 1954 helped the issue reach prominence. Their paper

with Fulkerson and Johnson introduced the cutting-plane method, an optimization

technique used to solve integer linear programming (ILP) and mixed-integer linear
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programming (MILP) problems. This work laid a foundation for the development of

exact algorithms. With existing computational power, Dantzig achieved solving prob-

lems with up to 49 nodes by leveraging linear programming techniques. The increase

in computational power has enabled researchers to solve larger instances by covering

more nodes. For even larger instances, limiting factors lead researchers to develop

heuristic approaches for practical near-optimal solutions.

Studies showed that exact methods guarantee optimal solutions. The trade-off is that

they are computationally expensive and exhaustive for large instances. Using dy-

namic programming for TSP with a time complexity of O(n22n) with a number of

nodes not exceeding 30 is suggested by the Held-Karp algorithm published by Held

and Karp, 1962. Later, pruning branches is suggested in developing algorithms in

order to decrease the size of the solution space. The methods are widely known as

branch-and-bound and branch-and-cut methods, described by Applegate et al., 2006.

Solver called Concorde, accepting the branch-and-cut algorithm as the main algo-

rithm, emerged, developed by Applegate, Bixby, Chvátal, and Cook. The solver re-

mains a gold standard for exact TSP solutions, solving instances with thousands of

cities using sophisticated cutting-plane techniques.

Exact methods for large-scale TSP problems are computationally infeasible; the com-

putational infeasibility of exact methods led researchers to heuristic and metaheuristic

algorithms. A simple greedy heuristic example is the nearest neighbor algorithm. The

algorithm constructs a tour by always visiting the closest unvisited city, offering sub-

optimal solutions that are quickly obtained (Rosenkrantz et al., 1977). Simulated An-

nealing is a probabilistic optimization algorithm inspired by the annealing process in

metallurgy (Kirkpatrick et al., 1983b). Genetic Algorithms are inspired by evolution-

ary principles; they imitate the evolutionary process (Holland, 1975). The foraging

behavior of ants inspires Ant Colony Optimization (Dorigo and Gambardella, 1997).

Mimicking natural processes to explore the solution space is rooted in the general

principle of the empirical fine-tuning point of view in engineering, often finding near-

optimal solutions for large instances in much quicker timespans compared to exact

methods.

TSP studies conducted recently focus on hybrid approaches and machine learning
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integration. There have been cases where reinforcement learning has been applied

to TSP. The trial-and-error models can be seen in an overview at Bello et al., 2016.

The paper uses neural networks to learn policies for constructing tours. Graph Neu-

ral Networks (GNNs) can be used to create the environment where an agent makes

decisions and tries to learn via feedback from the interaction with this environment.

There are studies that have shown promise in capturing TSP’s graph-based structure,

as demonstrated in the paper by Joshi et al., 2019. Recently, quantum computing ap-

proaches have been suggested. Classical computing uses bits that represent either 0

or 1; inspired by quantum mechanics, quantum computers use quantum bits or qubits.

Qubits can exist in a superposition of 0 and 1 simultaneously at differing proportions.

This enables parallel computation, which potentially solves certain problems much

faster, such as those explored by Farhi et al., 2014 with quantum approximate opti-

mization algorithms (QAOA). Currently, the modeling of real phenomena in quantum

bits is not developed, and the problems that can be solved this way are limited.

The TSP literature can be divided into multiple major lines of research, ranging from

formulation methods to various extensions and solution methodologies. The set TSP,

or generalized TSP, is one of them, and the problem addressed in this study is of

that scope. The classical TSP problem is extended by dividing the vertices into a

given number of clusters, and the GTSP searches for the shortest tour visiting exactly

one node from each cluster. This structure enables us to model many real-world

applications, such as the UAV routing problem with offset surveillance missions. By

Pop et al., 2024, a review of GTSP literature is provided.

Since the TSP can be viewed as a special case of GTSP, where each cluster consists of

a single node, the GTSP also exhibits NP-hard complexity. Therefore, exact solution

approaches could not provide a reasonable solution even for small or medium-sized

instances, which is criticized at Jafarzadeh et al., 2017. Given its computational com-

plexity, heuristic solution approaches play a critical role for such a problem. This

study also provides an enhanced genetic algorithm that combines the nearest-neighbor

search and heuristic mutation operators, analyzing their performance. Similarly, J.

Yang et al., 2008 provides the ant colony optimization (ACO) based metaheuristic

solution approach to GTSP. By W. Yang and Wang, 2012, an enhanced simulated an-

nealing algorithms that incorporate memory functions and dynamic programming to
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improve both the speed of convergence and the quality of solutions has been intro-

duced. The study, conducted by Schmidt and Irnich, 2022, contributes to the literature

by proposing new neighborhood structures and an iterated local search framework

that jointly optimize cluster sequencing and representative selection, setting a new

benchmark for GTSP solution quality. Pop et al., 2024 demonstrates and highlights

that early studies effectively adapted well-known TSP heuristics for GTSP, whereas

later studies introduced hybrid and population-based metaheuristics.

2.2 Review on Unmanned Aerial Vehicle Operations Area

Unmanned aerial vehicles (UAVs), owing to their numerous advantages, are widely

used in both civil and military operations, including surveillance, reconnaissance, at-

tack, and logistics missions. Since UAVs have different capabilities for different mis-

sion requirements, this directly affects the environment and scope of the studies done.

This broad scope has diversified the related literature into several distinct streams. For

small UAVs, drones, logistics, and delivery tasks have emerged as particularly popu-

lar application areas. Due to their limited flight endurance, most studies have focused

on operational efficiency for broader systems, such as integrating UAVs with ground

vehicles like trucks. For operative UAVs, mission scheduling, routing, and path plan-

ning seem the critical issues. In addition, obstacle avoidance has emerged as a popular

and recurring theme, reflecting the importance of safe navigation. Within this land-

scape, the most relevant strand of literature for the present study is that of routing and

path planning, which directly addresses the optimization challenges inherent in UAV

operations.

An important aspect of Unmanned Aerial Vehicle (UAV) applications is navigation,

both in single-vehicle operations and in swarm configurations. The navigation of a

single UAV is called waypoint assignment, and the UAV follows these points in or-

der to achieve the targets. TSP is adapted for waypoint assignment, where a UAV

must visit predefined waypoints generated by the TSP models (e.g., for surveillance,

delivery, or data collection) while minimizing travel distance or time. UAV way-

point assignment extends beyond TSP by addressing trajectory optimization, obsta-

cle avoidance, and environmental constraints like battery life, wind, and no-fly zones.
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This review explores TSP applications for UAV waypoint assignment, general UAV

planning approaches, and their integration, highlighting classical methods, recent ad-

vancements, and challenges.

The application of TSP to UAV routing emerged as UAVs transitioned from military

to civilian roles, such as logistics and surveillance. Early work by Ryan et al., 1998

modeled UAV routing as a TSP variant, using exact methods like branch-and-bound

for small-scale missions. Applegate et al., 2006 adapted the Concorde solver to solve

TSP instances with dozens of waypoints using cutting-plane techniques. Exponen-

tially increasing problem size limited both methods; brute force algorithms failed to

solve larger instances. High computational complexity limited scalability for real-

time applications.

Due to TSP’s NP-hard nature, exact methods are neither scalable nor fast. The rout-

ing operations for UAV surveillance missions require near real-time solutions, which

is why heuristic and metaheuristic methods dominate. The Nearest Neighbor algo-

rithm provides fast, suboptimal TSP solutions by selecting the closest unvisited node,

route, or part Rosenkrantz et al., 1977. Metaheuristics like Genetic Algorithms (GAs)

Holland, 1975, Ant Colony Optimization (ACO) Dorigo and Gambardella, 1997, and

Particle Swarm Optimization (PSO) are widely applied. Chen et al., 2017 proposed an

Improved Genetic Algorithm (IGA) and a PSO-ACO hybrid for UAV TSP, enhancing

convergence speed and solution quality.

There are some studies emphasizing the adaptation of traditional Vehicle Routing

Problem (VRP) and Traveling Salesman Problem (TSP) frameworks for UAV surveil-

lance routing. Banaszak and Smith, 2020 conducted a review, analyzing 396, iden-

tifying VRP and TSP variants as dominant approaches. They noted that 54 recent

papers applied these frameworks to surveillance tasks, with a focus on wireless sen-

sor networks (WSNs) for monitoring large regions. However, simplifications in UAV

kinematics and flight dynamics often limit real-world applicability.

UAV TSP variants in commercial planning incorporate constraints like battery life and

payload. The Flying Sidekick TSP (FSTSP), introduced by Murray and Chu, 2015,

FSTSP models a UAV collaborating with a ground vehicle, with the UAV launching

and returning to the vehicle for deliveries. The Multiple Flying Sidekicks TSP with
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Variable Drone Speeds (mFSTSP-VDS) considers UAV speed as a decision variable,

optimizing energy consumption based on payload and flight range Raj et al., 2020.

The TSP with Drone Resupply, proposed by Pina-Pardo et al., 2022, allows UAVs to

receive new orders mid-route via depot resupply, using mixed-integer linear program-

ming for larger instances. The TSP-CPP problem, combining TSP with Coverage

Path Planning (CPP), optimizes UAV routes to cover multiple regions, as explained

in detail by Xie et al., 2019.

Recent studies leverage machine learning, algorithms learn patterns and make pre-

dictions or decisions from data, to enhance UAV TSP solutions. Bello et al., 2016

applied reinforcement learning to optimize UAV waypoint sequences, an agent learns

to make decisions by interacting with the environment, training neural networks to

approximate optimal tours. Graph Neural Networks (GNNs), as explored by Ma et

al., 2020, model waypoint graphs to account for spatial and temporal constraints, im-

proving scalability for large missions. Additionally, hybrid approaches combining

metaheuristics with machine learning, such as those by Zhang et al., 2023, integrate

real-time data (e.g., weather updates) to adapt UAV routes dynamically.

In some cases, multiple UAVs need to be deployed for distribution or surveillance.

These cases extend TSP to the Multiple Traveling Salesman Problem (MTSP), where

multiple UAVs coordinate to visit multiple surveillance points. Kitjacharoenchai et

al., 2019 proposed a mathematical model for MTSP with drones, using K-means and

tabu search to optimize routes. Although different from the problem investigated in

this paper, cooperative path planning, as explored by Maza and Ollero, 2007, ad-

dresses multi-UAV missions, ensuring coverage of convex regions with energy con-

straints. This approach differs by assigning a sequence of waypoints to optimize

the given route, rather than finding the best route. Luo et al., 2022 developed a hy-

brid multi-objective optimization for truck-drone systems, incorporating flexible time

windows and customer priorities.

To the best of our knowledge, the main structure of the problem that assigning an

optimal sequence of visits for a UAV considering surveillance points is similar with

generalized TSP literature. In this thesis, different than the existing TSP, generalized

TSP and UAV studies in the literature, we state a novel problem setting in which the
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mission is executed from offset surveillance arcs rather than the exact target loca-

tions. We handled the problem with a two-sub-decision, which is not observed in the

literature. We develop a assignment based mathematical model for the problem and

propose a simulated annealing-based solution approach.
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CHAPTER 3

PROBLEM DEFINITION

Unmanned Aerial Vehicles (UAVs) are increasingly utilized in surveillance and re-

connaissance operations thanks to their ability to operate in hazardous mission envi-

ronments. In practice, these missions mostly require observing specific targets not

directly from their coordinates, but from offset surveillance positions determined be-

cause of operational constraints such as safety, line-of-sight, or environmental condi-

tions. That makes a special routing problem, since the issue is not only constructing

an efficient tour, but also deciding from which point in a predefined surveillance area

each target should be observed.

In this problem, a single unmanned aerial vehicle (UAV) is assigned to perform a

surveillance mission on n targets. For each target, a set of candidate surveillance

points is defined along a circular arc that represents feasible observation positions.

Figure 3.1 illustrates the operational environment of a UAV in an offset surveillance

mission. The green circles represent the theoretical observable areas of each target,

while the black lines indicate the feasible surveillance coordinates that are determined

based on operational constraints.

The aim is to select exactly one surveillance point for each target and construct a

closed tour that begins and ends at the runway while visiting the chosen surveillance

points in order. So, the problem can be defined as two intertwined decisions: (i)

selecting surveillance coordinates from the arcs associated with each target and (ii)

determining the optimal visiting order of these surveillance points. The objective is to

minimize the total tour length, thereby improving operational efficiency and reducing

mission costs.
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Figure 3.1: Illustration of Offset Surveillance Mission

The problem that is the subject of this thesis is an example application of the Gener-

alized Travelling Salesman Problem (GTSP) within the operations research literature.

Unlike the classic Traveling Salesman Problem (TSP), where each node has a fixed

location, this variant incorporates both routing and surveillance coordinate selection,

significantly increasing the problem dimensionality and computational complexity.

This structure differentiates the problem from standard routing problems and under-

lines the need for specialized mathematical formulations and efficient solution ap-

proaches.

3.1 Problem Characteristics

In an unmanned aerial vehicle (UAV) surveillance operation, targets are visited to ac-

complish missions such as detection, image acquisition, or reconnaissance. Owing to

the advanced resolution and capabilities of modern UAV payloads, it is not necessary
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to reach the exact location of each target. Instead, visiting one of the feasible obser-

vation points—referred to as surveillance coordinates—within the visible region of

the target is desired to execute the mission. This transforms the problem into a spe-

cial extension of the classical Travelling Salesman Problem (TSP) in 3-dimensional

space.

Although the actual operation is carried out in a 3-dimensional space, the problem

in this study is modeled in a two-dimensional plane due to altitude restrictions im-

posed by the authorities. In various publications, airspace is recognized and defined

as a common resource, highlighting the critical role of air traffic management. To

control and ensure air traffic safety, given the increasing usage of unmanned aerial

vehicles (UAVs), the determination of flight altitude is strictly regulated by civil avi-

ation authorities. According to the International Civil Aviation Organization (ICAO),

airspace is divided into classes to manage traffic effectively. In Figure 3.2 Havacılık,

2022, the controlled airspace classes are shared. In addition to the controlled airspace

classes, there are also two uncontrolled classes for small-sized UAVs, or drones.

Figure 3.2: Controlled Airspace Classification

In Turkey, the Directorate General of Civil Aviation (DGCA) is the primary authority

responsible for air traffic management. In accordance with international civil aviation

regulations, the DGCA assigns the corresponding airspace class and enforces the ap-
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plicable rules. The UAV class, which can be used in such a surveillance operation,

needs to be flown in class E or class A. While the UAV is executing the mission,

it may need to lower its attitude with the approval of all related parties. Since the

relevant air traffic control units determine the flight altitude of the operation before

it begins, the operator does not have control over the vertical dimension. Such an

operation environment both underlines the importance of planning and also enables

us to handle the problem in a 2-dimensional space.

At the given altitude, the theoretical observable area of each target can be determined

based on the payload capabilities, such as the resolution of the camera. However,

due to safety constraints, the farthest feasible surveillance points are generally pre-

ferred for mission execution. In addition, environmental factors may further restrict

the surveillance area. For instance, geographical obstacles can limit the line of sight,

while wind direction may cause the UAV’s engine noise to propagate toward the tar-

get, which is undesirable. Therefore, offsetting may not be feasible in every direction.

As a result, the surveillance set is represented by an arc around the projection of each

target at the given altitude with a specified offset distance.

All in all, as stated above, the problem can be identified as a UAV routing problem

in offset surveillance missions. The objective is to select one surveillance point on

the corresponding arc for each target and to construct a tour visiting these points.

Since the selection of surveillance coordinates directly affects both the tour length

and the sequencing of the tour, this extension represents a significant and meaningful

contribution.

3.2 Assumptions

The problem definition and mathematical formulation are developed under the fol-

lowing assumptions.

• The UAV capabilities are determined by the selected vehicle and payloads,

which cannot be changed during operation. So, we have static and defined

parameters for problem construction.
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• The time required to complete the mission at each surveillance point is assumed

to be negligible or a fixed time.

• There is no time window restriction for executing a mission. A mission can be

performed at any time of the tour.

• Operation duration or fuel is not explicitly constrained, allowing the UAV to

complete the tour without time-bound limitations.

• Fuel consumption or distance covered during the UAV’s ascent and descent

is not taken into account since these phases are not directly controlled in the

context of the mission.

• It is assumed that the needed approvals for class passes during the operation

can be obtained.

• The intersection of possible surveillance arcs for different targets may lead to a

restricted feasible set. In this study, it is assumed that the surveillance sets are

predefined in this manner.

• It is assumed that the mission can be executed in compliance with flight dy-

namics.

3.3 Modeling Technique

The problem addressed in this study can be classified as Generalized Travelling Sales-

man Problem (GTSP) in the literature. The Travelling Salesman Problem (TSP) is

classically defined as starting from a base, visiting each node exactly once, and re-

turning to the base. Structurally, the problem can be interpreted as a single-machine

scheduling problem with sequence-dependent processing times.

Scheduling problems need to be formulated as integer or binary optimization mod-

els, which makes them computationally difficult to solve. Therefore, constructing a

stronger formulation is often required to achieve efficiency. To identify an effective

modeling technique, this study benefits from the work of Keha et al., 2009. The

primary contribution of that research is a computational performance comparison
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of four different formulations for single-machine scheduling problems with varying

complexity, classified according to the type of decision variables employed: (1) com-

pletion time variables, (2) time-indexed variables, (3) linear ordering variables, and

(4) assignment and positional date variables. Accordingly, this study adopts a hybrid

mathematical formulation. To simplify the calculation of the objective function, an

assignment-based decision variable (assigning each job to another job) is defined. In

addition, a positional assignment variable is introduced, which eliminates the need

for explicit subtour elimination constraints. The complete mathematical model is

presented in Section 3.3.

3.4 Mathematical Model

This section introduces the mathematical formulation of the problem, presenting its

decision variables, objective function, and constraints.

As stated earlier, the aim is to construct a tour that starts from the runway, visits

the selected surveillance coordinate of each target, and returns to the runway while

minimizing the total tour length. Choosing a surveillance point on a continuous arc

for each target and creating a tour with these points causes a significant challenge in

the mathematical formulation of the problem. To overcome this, each surveillance

arc is discretized into equal parts, and a finite set of candidate surveillance points is

generated and used in the formulation of the problem.

There are n target points to visit, and ns possible surveillance points for each target.

The arc is divided into ns− 1 parts to construct the surveillance point set. In addition

to these, the set t is used to record the place in the constructed tour.

Two types of decisions must be addressed in the model; the first is to determine the

order in which the targets will be visited. The second is to select a surveillance point

for each target.

In order to facilitate the computational process, the distances between surveillance

points, as well as the distances between the runway and the surveillance points, are

pre-calculated and defined as parameters in the model. The objective function, which
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aims to minimize the total length of the tour, is calculated with these parameters.

To ensure that each target is assigned to a position in the tour, an assignment constraint

is included in the model. Additionally, another constraint is introduced to guarantee

that each position in the tour is occupied by only one target. With Constraints (3.1)

and (3.2), the model ensures the construction of a feasible tour among the targets.

The relationship between each target and its selected surveillance point is established

through Constraint (3.3). Specifically, if a target is assigned to a position in the tour, it

must be visited from exactly one surveillance point. Constraint (3.4) defines the tran-

sition between surveillance points corresponding to consecutive targets in the tour.

Lastly, decision variables are introduced in Constraint (3.5) to complete the formula-

tion. Consequently, the complete problem is established as an integer programming

model.
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Sets:

I: Targets to be observed (1,2,..,n)

Ki: Surveillance points of target i (1,2,..,ns)

T : Visit time/Order (1,2,..,n)

Parameters:

Dijkl: Distance between the surveillance point k of target i and the surveillance point

l of target j

Pik: Distance between the surveillance point k of target i and the runway

Decision Variables:

xijkl: 1 if the surveillance point k of target i is visited just after the surveillance point

l of target j, 0 otherwise.

yikt: 1 if the surveillance point k of target i is visited in order t

zit: 1 if the target i is visited in order t

min
∑
i∈I

∑
k∈Ki

Pik · yik1 +
∑
i,j∈I
i ̸=j

∑
k∈Ki

∑
l∈Kj

Dijkl · xijkl +
∑
i∈I

∑
k∈Ki

Pik · yikn

Subject to:∑
i∈I

zit = 1 ∀t ∈ T (3.1)

∑
t∈T

zit = 1 ∀i ∈ I (3.2)

∑
k∈K

yikt ≥ zit ∀i ∈ I,∀t ∈ T (3.3)

xijkl ≥ yikt + yjlt+1 − 1 ∀i, j ∈ I, i ̸= j, (3.4)

∀k ∈ Ki,∀l ∈ Kj,∀t ∈ T, t ̸= ns

xijkl ∈ {0, 1}, yikt ∈ {0, 1}, zit ∈ {0, 1} (3.5)

24



3.5 Complexity

The Traveling Salesman Problem (TSP) is a well-known optimization problem in

operations research, famous for its computational intractability as the problem size

increases. The main objective is to determine the shortest possible route that visits

each node exactly once and returns to the origin. Despite its simple definition, the

TSP is classified as an NP-hard problem. As the number of nodes increases, the

number of possible routes increases significantly. Then, the problem could not be

solved optimally in polynomial time, even for moderately sized instances.

In the context of UAV operation planning, the routing problem often shares struc-

tural similarities with the TSP, as the UAV must visit a set of target locations while

minimizing total travel distance. In the problem that is the subject of this study, the

mission for each target can be executed by a set of surveillance coordinates, which

increases the complexity. The problem is a more complex variant of the TSP, still

belonging to the NP-hard class.

This complexity necessitates the use of heuristic and metaheuristic approaches when

the problem size is larger.
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CHAPTER 4

A METAHEURISTIC APPROACH FOR THE PROBLEM

The complexity inherent in the problem leads to prolonged solution times and sub-

stantial computational effort. Considering that the unmanned aerial vehicle (UAV)

routing problem is a daily operational task for an operator, it can be classified as an

operational-level decision-making problem. Consequently, addressing this problem

through a metaheuristic approach becomes inevitable.

The metaheuristic approach starts with finding an initial feasible solution for the prob-

lem. Then, the algorithm implements a neighborhood procedure iteratively to obtain

improved solutions. Figure 4.1 presents the general flow of the proposed algorithm.

The process begins with the construction of an initial feasible tour among target coor-

dinates by using the nearest neighbor-based algorithm and the assignment of a surveil-

lance point to each target for the execution of the offset surveillance mission. With

those two decisions, the initial solution will be generated. Then, with the simulated

annealing-based neighborhood search algorithm, the neighbor tours are generated by

using both 1-opt and 2-opt procedures, and surveillance point selection using the same

procedure for the updated tour is executed. During the evaluation of the neighbor so-

lution, the simulated annealing algorithm is employed to obtain a balance between

exploration and exploitation. Overall, the proposed heuristic integrates both greedy

and simulated annealing methodologies.
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Figure 4.1: General Flow of the Metaheuristic Approach

The proposed metaheuristic solution approach has two main components: (i) ini-

tial tour construction and selection of surveillance points for the offset surveillance

mission, and (ii) improvement of the current solution using a simulated annealing al-

gorithm. The detailed algorithmic structures of them are provided in Section 4.1 and

Section 4.2.
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4.1 Nearest Neighbor-based Initial Solution Algorithm

As stated earlier, the primary objective of this study is to construct a tour that starts

from the runway, visits each target through an appropriate surveillance coordinate,

and returns to the runway. To achieve this, an initial solution is first generated. The

initial solution procedure is divided into two phases. In the first phase, the visiting or-

der of the targets is determined using a nearest neighbor-based approach, as described

in Algorithm 1: Initial Tour Construction with Nearest Neighbor Algorithm. In the

second phase, surveillance points corresponding to the predetermined target order are

selected through a dynamic programming procedure for SPT, the details of which are

presented in Algorithm 2: Selection of Surveillance Point.

Algorithm 1 Initial Tour Construction with Nearest Neighbor Algorithm
Input : Number of Target(n), Target Set, Target Distances with Runway, Distance

Matrix Between Target Coordinates

Output: Tour

1 Mark all targets as unvisited

2 Select the target(u) nearest to the runway,

assign that target to the first tour position, Tour[1]← u,

3 and update the unvisited target set by removing u

4 for order t ∈ [2, n] do

5 Select the nearest unvisited target(u) to the previously scheduled one, Tour[t−1],

assign that target to the tthplace,Tour[t]← u,

and update the unvisited target set by removing u

6 return Tour

The algorithm constructs a target visiting order based on the given target set and

the associated distance matrices, which are provided as input. At the beginning, all

targets are marked as unvisited, and the algorithm starts with the target that has the

minimum distance to the runway, placing it in the first position of the tour. Then, at

each subsequent step, the algorithm identifies the unvisited target that is nearest to the

last visited target in the partial tour and appends it to the sequence. After a target is

added to the tour, it is removed from the set of unvisited targets to ensure that each
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target is visited exactly once. This process continues until all targets are included in

the tour, resulting in an initial feasible tour that serves as the starting point for further

optimization.

Another critical aspect of the unmanned aerial vehicle routing problem in offset

surveillance missions is the selection of surveillance coordinates for each target. In

addition to determining the visiting order of the targets, this component of the prob-

lem constitute a shortest-processing-time (SPT) scheduling problem can be solved

with an exact method. To maintain computational efficiency and also the solution

quality, a dynamic programming approach is adopted for assigning surveillance points.

The method developed by Dijkstra, 1959 is used in our solution procedure. The de-

tails of this procedure are presented in Algorithm 2: Surveillance Point Selection with

Dynamic Programming Approach.

Algorithm 2 Surveillance Point Selection with Dynamic Programming Approach
Input: Tour, Distance Matrix Between Surveillance Sets’ Coordinates

Output: Surveillance Point for Each Target, Objective Function Value

1 Step 1: Initialization

A directed graph is introduced with given tour

The stage represents the visiting order of the targets, whereas the state represents the

surveillance point for the corresponding target at that stage

The shortest distance from runway to every stage will keep, the visiting order

2 Step 2: Calculation of Shortest Distance

For every stage node, calculate the distances by adding the distance between the

corresponding surveillance points to the previous stage level.

Assign the minimum of that as a shortest distance to node

3 Step 3: Construct the Shortest Path Tree

In the last stage, the tour is completed by turning the runway

Select the shortest distance, and form the shortest path tree

4 return Surveillance− Points,Objective− V alue

Given the predetermined tour and the distance matrix between the surveillance sets,

the dynamic programming approach determines the surveillance coordinates of each
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target. Algorithm iteratively solve the subset problems and assigns a surveillance

point for each target. With stepwise manner, the stages are constructed by establish-

ing the relation between the previous one. In the last stage, an optimal surveillance

coordinate selection is obtained for given tour. After determining the surveillance co-

ordinates for a given tour, a complete solution is obtained, enabling the calculation of

the objective function value, namely the total tour length. It is calculated by summing

the distances between consecutive surveillance points and the runway.

However, this sequential approach may lead to missing better solutions. Therefore,

a simulated annealing–based algorithm is incorporated to further refine the initial

solution by exploring alternative tour configurations and improving solution quality

in the following part.

4.2 A Simulated Annealing Based Neighborhood Search Algorithm

Metaheuristic neighborhood search algorithms enable us to explore the solution space

in addition to the exploitation. Since the special case of the problem in this thesis is

the well-known TSP in literature, is regarded as NP-Hard, the solution space is also

more complex. Therefore, exploration with a metaheuristic approach is a critical issue

to handle the local optima problem. Thus, a simulated annealing-based neighborhood

search algorithm is implemented to improve the current solution obtained from greedy

approaches.

As proposed by Kirkpatrick et al., 1983a, simulated annealing is a stochastic op-

timization technique inspired by the physical annealing process. In this process, a

material is heated to a high temperature and then slowly cooled, allowing its atoms

to rearrange into a stable crystalline structure. The fundamental idea of the simu-

lated annealing algorithm is to imitate the annealing process in physics by allowing

occasional acceptance of worse solutions with a decreasing probability. This means

that instead of constantly moving to better neighborhood solutions, the algorithm oc-

casionally accepts worse solutions with a probability that decreases over time. That

enables the search to escape local optima at the beginning and gradually converge to

high-quality solutions as the search progresses.
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In the algorithmic analogy, in each iteration, a neighboring solution is generated and

evaluated. If the new solution improves the objective value, it is always accepted;

otherwise, it may still be accepted with a probability that depends on the deterioration

in the objective value and the level of toleration limit. In the algorithm, the acceptance

of worse solutions is controlled by the Metropolis criterion. If the objective function

value increases by ∆f , the new solution is accepted with a probability defined as:

P = exp

(
−∆f + λ

τ

)
where τ denotes the current temperature parameter, the current temperature is updated

through the search with a cooling rate to decrease the acceptance probability. There-

fore, this probability, often referred to as the acceptance level, is relatively high at the

beginning of the search when τ is large, and it gradually decreases as the temperature

is reduced. As the temperature is gradually reduced according to a cooling sched-

ule, the algorithm transitions from exploration to exploitation, converging towards

high-quality solutions.

In the simulated annealing algorithms, the parameter set determines the search dy-

namics. The temperature parameter determines the likelihood of accepting worse

solutions to escape local optima. This value is initialized as τ0 and is gradually re-

duced according to a cooling rate (denoted by α) over iterations. A higher α results in

a slower cooling process, allowing more exploration, whereas a lower α accelerates

convergence. Additionally, a stopping criterion parameter (such as λ) can be used to

limit the number of iterations at a given temperature or to terminate the search when

no improvement is observed. The careful tuning of these parameters is essential, as

they collectively influence the balance between exploration of the solution space and

exploitation of high-quality solutions.
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Algorithms 3 and 4 present the main procedure of the simulated annealing-based

neighborhood search algorithm designed in this study. The algorithm starts by setting

the initial parameters, including the starting temperature, cooling rate, acceptance

level, and the maximum iteration number. Once these parameters are initialized, a

neighborhood set is generated by constructing all possible order pairs between targets,

ensuring that each pair corresponds to a potential swap move in the solution. The

subsequent steps of the main loop involve the generation of a neighborhood solution

and the systematic evaluation of it iteratively.

At each iteration, a random pair (i, j) is selected from the neighborhood set, and two

candidate solutions are constructed by applying 1-Opt and 2-Opt operations. In the

1-Opt move, the i-th target is reinserted into the j-th position, whereas in the 2-Opt

move, the positions of the i-th and j-th targets are exchanged. Figure 4.2 is provided

to illustrate the neighborhood movement.

Figure 4.2: Illustration of the 1-Opt and 2-Opt Neighborhood Movements

For both candidate tours, the objective function values are recalculated using the

surveillance point selection algorithm, and the better of the two is selected as the

candidate solution. If this solution improves upon the current best solution, it is di-

rectly accepted and updates the record of the best tour. If this candidate solution

improves upon the current solution, it is also directly accepted. Otherwise, accep-

tance is determined by the Metropolis criterion, where worse solutions may still be

accepted with a probability that depends on the deterioration level, the acceptance

parameter, and the current temperature. Subsequently, the temperature and iteration

count are updated, and the algorithm proceeds iteratively until the maximum number

of iterations is reached or no neighbor remains available.
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Algorithm 3 Simulated Annealing Main Algorithm
Input : Number of target (n), Current Solution, Objective Value of the Current Solu-

tion (opt_t), Distance Matrix Between Surveillance Sets’ Coordinates, Ini-

tial Temperature (τ0), α, λ, Iteration Number

Output: Tinitial, optinitial, Tbest, optbest

1 Set the Simulated Annealing Parameters:

Initial Temprature(τ0)=1000

Cooling Rate(α)=0.95

Acceptance Level (λ)=1

Iteration Number=10000

Iteration=1

2 Initialize Neighbors Set: Generate all possible order pairs, i not equal to j
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Algorithm 4 Simulated Annealing Main Algorithm (Part 2)

Main Loop:

while Iteration < Iteration_Number do
Select one of the pair (i, j) randomly from Neighbors

Construct new candidate solutions by using 1-Opt and 2-Opt algorithms with pair

(i,j)

1-Opt: Update the current tour by putting the ith ordered target to jth order and

making appropriate arrangements, T_Temp_1

Calculate the objective function by using the selection of surveillance point algo-

rithm for the new tour, opt_temp_1;

2-Opt: Update the current tour by changing the place of the ith ordered target and

jth ordered target, T_Temp_2

Calculate the objective function value by using the selection of surveillance point

algorithm for the new tour, opt_temp_2;

Select better of opt_temp_1 and opt_temp_2 as opt_temp with tour T_Temp

if opt_temp < optbest then
Tbest ← T_Temp, optbest ← opt_temp

if opt_temp < opt_t then
Accept T_Temp as new T opt_t ← opt_temp, and initialize the neighbor-

hood

else
Gap(∆)← opt_temp− opt_t RHS ← exp(−(∆ + λ)/τ)

Generate random number r ∈ [0, 1]

if r < RHS then
Accept T_Temp as new T opt_t← opt_temp, , and initialize the neigh-

bor set

else
Remove (i, j) from Neighborhood if |Neighborhood| > 1

τ ← τ · α
Ite← Ite+ 1

return Tbest, optbest
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CHAPTER 5

COMPUTATIONAL RESULTS

In this study, we solve the problem under different parameter settings to evaluate

the performance of both the exact and metaheuristic solution approaches in various

scenarios and ensure that a proper solution method is offered. For that purpose, this

section provides a detailed evaluation and critical discussion of the computational

results obtained in the context of the unmanned aerial vehicle routing problem under

offset surveillance operations.

First of all, the problem environment is introduced briefly, and the experimental fac-

tors are shared in Section 5.1.

Section 5.2 presents the parameter selection process for the metaheuristic approach.

Section 5.3 discusses the performance of exact and metaheuristic approaches and

provides a comparative analysis. In that part, the performance of the mathematical

model is provided for different scenarios, and the challenge of the exact approach

will be underlined. The comparison between the exact and metaheuristic approaches

is shared to demonstrate the usage of the offered metaheuristic solution approach in

such a problem. In addition to that, the consistency of the metaheuristic approach is

criticized to assess the reliability of its performance.

In the computational experiments, all problem instances were solved using Gurobi

12.0 on a computer equipped with an Intel(R) Core(TM) i7-4770S processor, 16 GB

of RAM, and a Windows operating system. The metaheuristic algorithms were im-

plemented in Python and executed via the Spyder IDE.
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5.1 Experimental Settings

In an unmanned aerial vehicle routing problem with offset surveillance missions, the

sequence of targets and the selection of the surveillance points are the decisions that

need to be made. The unmanned aerial vehicle (UAV) is assumed to take off and

land from a runway, and it must generate a closed tour that begins and ends at this

location. It is assumed that there are no obstacles or NOTAM areas that prevent the

direct travel between the target coordinates in the assigned attitude. Also, the UAV is

assumed to travel at a constant speed throughout the operation, disregarding variations

due to environmental factors such as wind. The objective is, therefore, to determine

the shortest possible tour, where the tour length is computed as the sum of the direct

(Euclidean) distances between the consecutive coordinates.

In such a system, the operation area, which is the space that the UAV’s responsible

region, determines the problem dynamics. The operator which provide a service like

tracking and surveillance via unmanned aerial vehicle, first divides the region into

problem spaces to manage properly. In our experiment, the problem area is modeled

as a rectangular region with an area approximately equivalent to that of the Southeast-

ern Anatolia Region of Türkiye. It is assumed that the runway, the takeoff point, and

an integrated ground control station are positioned in accordance with the geograph-

ical coordinates of Ankara, the capital city of Türkiye. Figure 5.1 shows a visual

representation of the problem area. The area and the runway location are classified as

the environmental factors of the problem in this study.

The number of targets, the enumeration of the surveillance arc, and the offset distance

can be seen as the input of our problem structure, and are described as experimental

factors below.

Number of Targets:

Within the experimental design, the number of targets to be visited is selected as one

of the primary experimental factors. In the Traveling Salesman Problem (TSP), the

complexity is strongly dependent on the number of nodes to be visited. Each addi-
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Figure 5.1: Problem Area

tional node increases the number of possible tours exponentially, making the problem

computationally hard. A similar effect is observed in the unmanned aerial vehicle

(UAV) routing problem considered in this study, where the number of targets plays a

role equivalent to the node size in TSP. That will highlight the inherent NP-hardness

of the problem and justify the necessity of employing heuristic and metaheuristic

approaches when dealing with large-scale instances.

The number of targets is considered at five levels—5, 10, 20, 40, and 80—represent-

ing progressively increasing levels of problem complexity. These levels are designed

to explore the scalability limits of the proposed approaches in experimental design.

Surveillance Point Set Size:

The second major issue of the problem is the determination of surveillance coordi-

nates along an arc around each target. This aspect introduces additional complexity

into the modeling process, which is addressed in this study through an enumeration

procedure. The arc is discretized into a finite number of candidate points, then one

of them is selected for each of the targets. The granularity of this discretization plays

a critical role: a higher number of subdivisions increases the solution accuracy by

providing a more precise representation of the feasible surveillance positions, but at

the same time, it significantly enlarges the problem size and computational burden.

Conversely, a smaller number of subdivisions reduces the problem complexity but
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may compromise solution quality due to limited spatial resolution. Therefore, the

Surveillance Point Set Size is treated as the second experimental factor -with levels 5,

10- to examine the trade-off between solution accuracy and computational efficiency.

Offset Distance:

The third experimental factor examined in this study is the offset distance, which

defines the spatial separation between a target and its associated surveillance points.

This parameter directly influences both the geometry of the feasible surveillance re-

gion and the resulting total tour length, thereby making it a critical factor in the ex-

perimental design. The concept of offset distance stems from operational and safety

considerations in UAV surveillance missions, where direct overflight of targets may

not always be operationally feasible or desirable. Moreover, the offset distance is

inherently linked to the payload and sensor capabilities of UAVs. With the advance-

ments in camera technologies, detection can currently be achieved from distances of

up to 30 km, and this range is expected to increase further with future technological

improvements. For this reason, the offset distance is incorporated as an experimental

factor in order to assess its impact on the performance of the proposed approaches

and to anticipate its implications in practical applications.

Finally, the levels of all experimental factors are summarized in Table 5.1: Levels of

the Factors in Scenarios. Based on these factor settings, a total of 20 distinct scenarios

are generated. For each scenario, five randomly created instance problems are solved,

resulting in 100 sample problem instances in total, which are used to evaluate the

performance of the solution approaches.

It should also be noted that, due to the stochastic nature of the metaheuristic ap-

proach, each problem instance is solved five times using the metaheuristic algorithm.

This repetition is performed to evaluate the consistency and robustness of the results

obtained from the heuristic method.
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Table 5.1: Levels of the Factors in Scenarios

Parameter Name Levels

Number of Targets: 5, 10, 20, 40, 80

Surveillance Point Set Size: 5, 10

Offset Distance: 30, 50

5.2 Parameter Tuning for Simulated Annealing Algorithm

The performance of the Simulated Annealing algorithm is highly sensitive to its pa-

rameter settings, including the initial temperature (τ0), cooling rate (α), the λ coeffi-

cient in the acceptance probability equation, and the maximum number of iterations

(IterationNumber). These parameters directly influence both the quality of the final

solution and the computational time required by the algorithm.

To determine appropriate parameter values, an experimental study was conducted in

which multiple configurations of the simulated annealing algorithm were tested and

compared. Under different parameter settings, the objective value of the current so-

lution was tracked across iterations, and the progression of the search was visualized

through graphical representations. Such a graph provides valuable insights into how

different parameter settings influenced the algorithm’s behavior, particularly for con-

vergence speed and quality of the final solution. For an appropriate configuration

of the parameter set, it is essential to achieve a balance between exploration and ex-

ploitation. Specifically, exploration should dominate in the initial stages of the search,

where the algorithm deliberately accepts worse solutions to diversify the search space.

Then, exploitation takes on greater significance, which means the algorithm gradually

shifts its focus toward refining the solution and converging to higher-quality neigh-

borhoods. The results from the experiments validate that parameter settings maintain

this balance.

Based on the comparative results, the parameter set τ0 = 1, 000, α = 0.95, λ = 1,

and IterationNumber = 10, 000 was selected as the most effective configuration,

offering a balance between solution quality and computational efficiency. In order
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to ensure that a convergence is also obtained before the termination, the maximum

number of iterations is determined appropriately.

The outcome of these experiments was plotted against the iteration count, as illus-

trated in Figure 4.2: Current Solution at the Iteration. The figure presents the evolu-

tion of the current solution over the iterations with the selected parameter set for five

different problem samples in different colors.

As illustrated in Figure 5.2, most of the problem instances reached a steady state be-

fore 2,000 iterations. Nevertheless, since extending the maximum iteration number

does not significantly increase the computational burden, the limit was set to 10,000

to guarantee that the exploration phase was fully completed and convergence was

achieved. At the early stages of the search, the algorithm prefers to accept worse so-

lutions, which enables us to escape from a local optima, and subsequently progresses

toward better solutions as the iterations continue. Accordingly, setting the initial tem-

perature (τ0) to 1,000 and the cooling rate to 0.95 proved to be appropriate, as these

parameters successfully balanced exploration and exploitation throughout the search

process.

Figure 5.2: Current Solution at the Iteration

42



5.3 Performance Evaluation and Discussion

The unmanned aerial vehicle routing problem in surveillance missions is solved by

using both exact and metaheuristic solution methods in this study. An experiment is

designed, and the results are shared to ensure that a systematic solution methodology

is proposed for the defined problem in this section.

Before the detailed discussion, the general summary of the results is shared. Table

5.2 provides the number of best solutions obtained by the exact and metaheuristic

approaches, as well as their corresponding average CPU times, under different exper-

imental settings. The findings reveal a noticeable difference in the effectiveness of the

exact and metaheuristic approaches based on the size of the problem. As can be seen

from the table, for small instances, when the number of targets is 5, the exact method

consistently finds the best solutions in a reasonable time. However, the CPU times

rise sharply to around 3,600 seconds after that level. By considering both the quality

and the computational efforts, the exact method can be used only for small cases. On

the other hand, the metaheuristic approach is suggested to deal with such a problem.

In the following part of this section, the discussion will be detailed with the exact

method performance evaluation in Section 5.3.1, which serves as a reference point for

the description of solution quality. The performance of the exact method is stated in

terms of both the quality and combinatorial effort in the section. Next, a comparison

is made between the heuristic approach and the exact method in Section 5.3.2. Then,

the assessment of the metaheuristic approach for consistency is discussed in Section

5.3.3. Unlike deterministic methods, metaheuristics integrate stochastic elements into

the search process.
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5.3.1 Performance of the Exact Method

To provide a comprehensive evaluation of the performance of the exact solution ap-

proach, the corresponding performance measures of the mathematical model are pre-

sented in Tables 5.3, 5.4, and 5.5.

Table 5.3 illustrates the solution status of the exact approach under different experi-

mental scenarios. The results indicate that, as the number of targets increases, obtain-

ing an optimal solution becomes progressively more challenging. Beyond a certain

problem size, even a feasible solution could not be identified within acceptable com-

putational limits. Similarly, when the size of the surveillance point set is doubled,

the solution space expands combinatorially, rendering exhaustive search impractical

and leading to infeasibility within reasonable time limits. This behavior parallels the

pattern observed with the increasing number of targets. Overall, across the set of

scenarios, approximately one-third of all runs resulted in the absence of a feasible

solution, which underlines the computational hardness of the problem.

In Table 5.4, the performance of the exact method based on the computation time is

provided. As can be seen in the table, the CPU time required to solve the problem

increases as the problem’s size grows. While small instances are solved in less than a

second, the computational effort escalates dramatically for medium- and large-scale

cases. Therefore, no more optimal solution could be obtained due to the time limit

set by the planning timeline; only an hour is given to the mathematical model.

To reinforce the performance assessment of the exact method, optimality gap(%) val-

ues are shared in Table 5.5: Performance of the Exact Method Based on Optimality

Gap. For small-scale scenarios, the gaps remain at 0%, which means exact optimal-

ity. However, as the number of targets increases, the optimality gaps expand signifi-

cantly, often reaching levels above 50% for medium to large instances. This indicates

that even when the solver concludes with a feasible solution, the disparity between

the best-discovered and demonstrably optimal solutions continues to be excessively

large. Together, these results show that while the exact method ensures solution accu-

racy for small problems, it cannot effectively cope with the computational complexity

of larger scenarios.
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Beyond these results, it can be said that the method often fails to solve within accept-

able time limits, rendering it impractical for real-time or operational decision-making

contexts.
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5.3.2 Comparison of the Performance of the Metaheuristic Approach with Ex-

act Method

As mentioned in the previous part, an alternative metaheuristic solution approach is

also offered in this study. It is critical to address its performance against a reference

point. Therefore, in Table 5.6 and Table 5.7, the comparisons of the metaheuristic

and exact methods’ performances are provided. The comparison is conducted with

respect to both solution quality and computational effort. Solution quality is evaluated

based on the difference between the tour length obtained by the metaheuristic and that

of the exact method. The optimality gap is computed by dividing this difference by

the objective function value of the exact solution. The results in Table 5.6 reveal that

the proposed metaheuristic approach produces objective values that are close to those

of the exact solver in small cases. In medium- and large-scale scenarios where the

exact solver struggles with optimality gaps, the heuristic even delivers solutions that

outperform the best feasible solutions identified by the exact method within the time

limits. When the objective value gaps are evaluated within the scenario, it seems that

similar differences are obtained.

Table 5.7 is especially shared to illustrate the trade-off between solution quality and

computational effort. While the exact method requires extensive computational re-

sources, reaching thousands of seconds in many instances, the metaheuristic achieves

better results in only a fraction of that time, often within seconds. Notably, the aver-

age objective value gap between the metaheuristic and the exact method remains rela-

tively small (generally under 3% for most scenarios). This indicates that the heuristic

achieves near-optimal solutions while maintaining substantial efficiency gains. From

a practical perspective, this balance between quality and time makes the metaheuristic

solution approach a more suitable alternative for our problem, where timely decision-

making is essential in the daily operation planning of an unmanned aerial vehicle.
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5.3.3 Consistency of the Metaheuristic Approach

Lastly, the consistency of the metaheuristic approach is criticized. As mentioned

before, five different sample problems are solved for each scenario, and 5 replications

are obtained for each of the problem samples. These replications are taken to evaluate

the robustness and the accuracy of the algorithm. Table 5.8 summarizes the calculated

coefficient of variation measures. The findings show that the fluctuation in objective

values is minimal, with coefficients of variation typically below 7% even for the more

complex instances. This low level of variability shows that the randomness inherent

in the algorithm does not result in volatility in the outcome.

Given that the metaheuristic includes stochastic elements, consistency needs to be

controlled before evaluation. Such reliability is essential for practical implementa-

tion, as decision-makers need trustworthy results that do not vary significantly be-

tween solutions. The results indicate that the metaheuristic not only generates com-

petitive solutions in terms of both quality and efficiency but also provides stability.

Thereby enhancing its reputation as a strong alternative to exact optimization in large-

scale and time-sensitive scenarios.

To conclude, these complementary analyses provide a comprehensive validation of

the methodological framework adopted in this research. By critically analyzing the

strengths and weaknesses of the exact and metaheuristic methods, this section adds

to a comprehensive understanding of the solution landscape. The insights presented

here not only affirm the methodological approaches adopted in the research but also

illustrate their practical significance for UAV surveillance operations.
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CHAPTER 6

CONCLUSION

This thesis has examined the routing problem for unmanned aerial vehicles (UAVs)

performing offset surveillance operations, where the objective is to construct a tour

that starts from a runway, visits each designated target for a surveillance mission, and

returns to the runway. The distinctive aspect of the problem is that the surveillance

task is not conducted at the exact coordinate of the target. Due to security and en-

vironmental concerns, it is more desirable and feasible to perform the mission from

an offset distance. This requirement enlarges the problem by introducing an addi-

tional decision layer: the selection of a surveillance coordinate from a predefined set

associated with each target.

UAV operators commonly face this problem in their everyday tasks. Given that UAVs

are increasingly deployed in both military and civilian surveillance activities due to

their operational advantages, the significance and potential of this research are ex-

tremely pertinent.

To represent a realistic context, the target area was modeled in accordance with the

Southeastern Anatolia region of Turkey, while the runway was located in Ankara, the

capital. Since UAV flight altitude is subject to regulatory authority, the study focused

exclusively on two-dimensional coordinates. It aimed to identify a minimum-length

tour among the feasible surveillance point sets.

The routing problem for an unmanned aerial vehicle (UAV) with offset surveillance

operations is modeled to find an exact solution. However, as this problem can be

regarded as Generalized Traveling Salesman Problem (GTSP) in the operations re-

search literature, its computational complexity is considerable. As expected for NP-
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hard problems, the exact solution method quickly became infeasible for medium-

and large-scale instances. This challenge highlighted the need for alternative solution

strategies in practical scenarios.

To address this challenge, a metaheuristic solution framework was created by com-

bining a greedy tour initialization with a simulated annealing-based enhancement

process. Computational experiments demonstrated that the approach was capable

of producing acceptable solutions within reasonable computational times. Further-

more, the robustness of the proposed method across a variety of scenarios confirmed

its potential as a decision-support tool for daily UAV operations in offset surveillance

missions.

The primary contribution of this thesis is the introduction and definition of a real-

life operational problem, unmanned aerial vehicle routing with offset surveillance

missions. While UAV path planning has been studied extensively in the literature,

the specific case of offset surveillance—where missions are executed from a feasible

surveillance point rather than the exact target coordinates—has not previously been

addressed.

To the best of our knowledge, this study contributes to the literature by providing both

a mathematical formulation and a metaheuristic solution approach, thereby establish-

ing a new research direction and offering a practical solution method for widely faced

decision-making problems.

In this study, the effect of wind on unmanned aerial vehicle speed has been disre-

garded. Nevertheless, the direction of the wind plays a crucial role in the duration

of travel. The ground speed is calculated by taking into account the real speed of

the vehicle and the vertical component of the wind speed, which changes the effort

of the travel between two surveillance coordinates. Therefore, it directly affects both

the routing decisions and the overall mission duration. Therefore, incorporating wind

dynamics into the model constitutes a promising direction for the future extension of

this thesis.

Another future research direction involves expanding the geographical scope of the

problem. Evaluating the space effect of the solution approach on results would be

56



valuable both for the literature and the practical operational aspect.

Additionally, the current study addresses a single-UAV routing problem. Extend-

ing the model to consider multiple homogeneous or heterogeneous UAV operations

would constitute a promising direction for future research.

To conclude, this study demonstrates that while exact optimization method provides

valuable theoretical insights for small-scale instances, metaheuristic approaches offer

practical and scalable solutions for the unmanned aerial vehicle routing problem in

offset surveillance missions.
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Appendix A

EXPERIMENTAL STUDY DETAILS FOR PARAMETER TUNING OF THE

METAHEURISTIC APPROACH

This appendix section provides visual representations of the experimental study for

each sample problem, which are summarized in a compact form in the main report.

Figure A.1: Current Solution at the Iteration for Sample Problem - 1
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Figure A.2: Current Solution at the Iteration for Sample Problem - 2

Figure A.3: Current Solution at the Iteration for Sample Problem - 3
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Figure A.4: Current Solution at the Iteration for Sample Problem - 4

Figure A.5: Current Solution at the Iteration for Sample Problem - 5
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