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ABSTRACT

Uncrewed Aerial Vehicles (UAVs) are increasingly deployed in healthcare, disaster
response, and search-and-rescue (SAR) operations, where rapid decisions in complex and
uncertain environments can save lives. However, their effectiveness is constrained by three
major challenges.

The first is efficiently exploring an Area of Interest (AOI) to identify and prioritize the
most informative Regions of Interest (ROI) in missions that are both time-critical, where
every minute can determine survival outcomes, and energy-critical, where limited battery
capacity restricts flight endurance. The second is coordinating multiple UAVs so that tasks are
distributed in a balanced way across ROIs while avoiding redundant exploration and wasted
energy. The third is guaranteeing safe autonomous landings, whether in cluttered areas near
survivors to support communication with first responders, or in unpredictable situations such
as GPS-denied environments and sudden emergencies where immediate landing is required.

Single-UAV and multi-UAV informative path planning (IPP and MIPP) approaches have
advanced, but they still face important limitations in practice: effectively balancing energy
and time budgets while prioritizing information gain, and coordinating multiple vehicles to
avoid redundant effort and uneven workload. Likewise, existing landing systems often fail to
ensure obstacle avoidance and survivor-aware decision-making under emergency conditions,
and many rely on pre-defined landing pads that are not available in real SAR scenarios.

This thesis addresses these gaps with three contributions. First, it introduces an Energy-
Aware Informative Path Planner with two-step lookahead (EA-IPP2n), designed to maximize
information gain while explicitly accounting for both time and energy as mission-critical
resources. Second, it extends this framework to cooperative operations through a V-shape Area
Partitioning (VAP) strategy and an Energy-Aware Multi-UAV Informative Path Planner (EA-
MIPP), distributing ROI tasks across agents in a workload-balanced manner while handling
static obstacles and Non-Flying Zones (NFZ). Third, it develops an Emergency Safe Landing
System (ESLS) that integrates mapping, localization, and object detection to autonomously
identify safe landing zones, including an ESLZD-SAR mode that prioritizes landings near
detected survivors.

Together, these contributions advance a unified framework for UAV autonomy that
is both resource-aware and resilient in mission execution. The proposed methods improve
information collection in AOIs, enable scalable multi-UAV collaboration across ROIs, and
support safe emergency landings. By combining energy-aware path planning with adaptive
landing strategies, this work enhances the operational capabilities of UAVs in healthcare and
SAR missions.



RÉSUMÉ

Les véhicules aériens sans pilote (UAV – Uncrewed Aerial Vehicles) sont de plus en
plus utilisés dans les domaines de la santé, de la gestion des catastrophes et des opérations
de recherche et sauvetage (SAR). Dans ces environnements, la prise de décision rapide est
essentielle. Elle s’effectue dans des environements complexes et incertains, ou chaque instant
compte et peut sauver des vies. Cependant, leur efficacité demeure limitée par trois défis
majeurs.

Le premier défi consiste à explorer efficacement une zone d’intérêt (AOI – Area of
Interest). L’objectif est d’identifier et de prioriser les régions informatives importantes (ROI –
Regions of Interest). Ces missions sont à la fois critiques en temps, où chaque minute peut
déterminer les chances de survie, et critiques en énergie, où la capacité limitée des batteries
restreint l’endurance de vol. Le deuxième défi concerne la coordination de plusieurs UAVs.
Il s’agit de répartir les tâches de manière équilibrée entre les différentes ROI, tout en évitant
l’exploration redondante et le gaspillage d’énergie. Enfin, le troisième défi réside dans la
garantie d’atterrissages autonomes en toute sécurité. Il s’agit, d’une part, la capacité à se poser
dans des zones encombrées à proximité de survivants, afin de faciliter la communication avec
les premiers intervenants. D’autre part, le système doit gérer des situations imprévisibles telles
que les environnements sans GPS ou des urgences nécessitant un atterrissage immédiat.

Les approches existantes de planification de trajectoire informative, qu’elles soient
mono-UAV ou multi-UAV, ont permis des avancées notables. Cependant elles peinent encore à
surmonter certaines limites en pratiques: l’utilisation optimale de l’énergie, la maximisation de
la couverture de mission, ainsi que la coordination efficace de plusieurs véhicules. De même,
les systèmes d’atterrissage existants échouent souvent à éviter les obstacles. Par ailleurs,
l’intégration des informations relatives aux survivants dans les algorithmes de décision en
situation d’urgence reste partielle. De plus, ces systèmes s’appuient fréquemment sur des
zones d’atterrissage pré-définies, qui sont rarement disponibles dans les scénarios réels de
recherche et sauvetage (SAR).

Cette thèse répond à ces défis à travers trois contributions principales. Premièrement,
elle introduit un planificateur de trajectoire informative à deux étapes anticipées et à conscience
énergétique (noté EA-IPP2n). Ce planificateur est conçu pour maximiser le gain d’information
tout en considérant explicitement le temps et l’énergie comme ressources critiques de mission.
Deuxièmement, elle étend ce cadre aux opérations coopératives. Pour cela, elle propose
une stratégie de partitionnement en forme de V (noté VAP) et un planificateur de trajectoire
informative multi-UAV à conscience énergétique (noté EA-MIPP). Cette approche permet
une répartition équilibrée des tâches entre les ROI, tout en gérant les obstacles statiques et
les zones de non-vol. Troisièmement, elle développe un système d’atterrissage d’urgence
sécurisé (noté ESLS). Ce systeme intégre plusieurs modules: la cartographie, la localisation et
la détection d’objets afin d’identifier de manière autonome des zones d’atterrissage sûres. De



plus, un mode spécialisé est prevu pour privilégier les atterrissages à proximité des survivants
détectés.

Ensemble, ces contributions forment un cadre unifié pour l’autonomie des UAVs, à
la fois conscient des ressources et résilient dans l’exécution des missions. Les méthodes
proposées améliorent la collecte d’informations dans les AOI, permettent une collaboration
multi-UAV et assurent des atterrissages d’urgence sécurisés. En combinant planification de
trajectoire énergétique et stratégies d’atterrissage adaptatives, cette recherche renforce les
capacités opérationnelles des UAV dans les missions de santé et de recherche et sauvetage.

iv
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CHAPTER I

INTRODUCTION

1.1 OVERVIEW

Uncrewed Aerial Vehicles (UAVs), commonly known as drones, have become increas-

ingly integrated into diverse domains due to their autonomy, maneuverability, and ability to

access hazardous or hard-to-reach environments. A key component enabling their operational

efficiency is advanced path planning, which determines optimal routes while considering

constraints such as energy, time, and safety. They are used in agriculture, environmental

monitoring, search and rescue (SAR) operations, infrastructure inspection, and planetary

exploration [1, 2, 3, 4]. These application areas demonstrate the potential of UAVs as rapid,

flexible, and cost-effective tools. At the same time, they highlight a recurring challenge:

autonomous mission execution must remain efficient and effective under strict energy, time,

and safety constraints.

Among the various path planning problems, Informative Path Planning (IPP) has at-

tracted significant attention. IPP methods explicitly balance travel cost against expected

information gain: the UAV is guided to positions that maximize utility under resource limi-

tations. In formal terms, IPP is often framed as a variant of the Orienteering Problem (OP),

in which an agent selects a subset of nodes to visit within bounded budgets (e.g., time) to

maximize cumulative reward [5, 6, 7]. In UAV applications, IPP has been studied for mapping,

exploration, and surveillance, where information efficiency is as critical as coverage [8, 1, 2].

Scaling from a single UAV to multi-UAV deployments offers the possibility of wider-

area coverage, faster mission completion, and more robust data collection. Such missions

are especially relevant for SAR, disaster response, and environmental monitoring [9, 10,



11]. However, multi-UAV coordination introduces its own challenges: risk of collisions,

redundant coverage, high communication overhead, and imbalanced workloads. Without

explicit strategies—such as area partitioning and workload-aware allocation—efficiency and

safety are difficult to guarantee. Furthermore, real deployments must comply with Non-Flying

Zones (NFZs) and contend with static obstacles (e.g., buildings), adding further complexity to

mission planning.

Autonomy also depends on robust mechanisms for handling emergencies. Failures

in GPS, communication, or onboard sensors may force unplanned descents. In cluttered

or GPS-denied environments, emergency landing becomes especially challenging: existing

approaches often assume controlled conditions, such as predefined landing pads or fiducial

markers, which limits their real-world applicability [12, 13, 14]. Developing vision-based

methods that can dynamically identify safe landing zones remains an open and pressing issue

for UAV autonomy.

1.2 RESEARCH PROBLEM

The overarching problem addressed in this thesis can be stated as follows:

How can UAVs autonomously plan efficient, safe, and energy-aware paths for

single UAV or multi-UAVs, while guaranteeing safe landing under emergency

conditions or in SAR missions?

This question highlights three tightly coupled dimensions of UAV autonomy: efficient

single-UAV path planning under dual energy and time budgets, coordination strategies for

multi-UAV deployments, and autonomous emergency landing in unstructured environments.
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1.3 HYPOTHESES

From this research problem, the following general hypothesis and sub-hypotheses

are formulated. Each hypothesis is testable through quantitative evaluation and directly

corresponds to the experiments presented in later chapters.

General Hypothesis: Autonomous search and rescue missions using UAVs can be

reliably achieved by a unified pipeline that integrates informative exploration, cooperative

coverage, and emergency safe landing while operating under strict time and energy constraints.

• Sub-hypothesis 1 (Single-UAV informative path planning): An energy-aware in-

formative path planning algorithm that accounts for both time and energy budgets,

addressing dual-orienteering problem, enables a single UAV to improve path efficiency,

collecting higher reward while adhering to budgets, compared to baseline planning

methods (Chapter 4).

• Sub-hypothesis 2 (Multi-UAV informative path planning): Partitioning the area of

interest into balanced V-shape sectors combined with energy-aware informative planning

enables multi-UAV teams to achieve balanced coverage, avoid path overlap, obstacles

and non flying zones (Chapter 5).

• Sub-hypothesis 3 (Emergency safe landing): A vision-based safe landing zone de-

tection algorithm combined with point cloud–based obstacle-aware descent planning,

enables UAVs to autonomously perform safe emergency landings in GPS-denied and

cluttered environments in general situations and during search and rescue missions

(Chapter 6).
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1.4 THESIS CONTRIBUTIONS

This thesis contributes three complementary components that together form a resource-

aware UAV mission pipeline (Figure 1.1):

Figure 1.1 Resource-aware UAV mission pipeline.

• Energy-Aware Informative Path Planer(EA-IPP2n): A single-UAV planner that

accounts for both distance and turning costs under dual time and energy budgets.

It employs a two-hop look-ahead decision mechanism with normalized cost–reward

tradeoffs and is evaluated against multiple baselines (Chapter 4).

• V-shape Area Partitioning for Multi-UAV IPP (VAP-EAMIPP): A cooperative

framework extending EA-IPP2n to multi-UAV missions. It partitions the area into

balanced V-shaped angular sectors to minimize redundancy and integrates NFZ and

obstacle handling for efficient planning (Chapter 5).
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• Emergency Safe Landing System (ESLS): A vision-based landing pipeline that in-

tegrates RTAB-MAP SLAM with visual–inertial odometry for real-time localization

and mapping. It employs YOLO in conjunction with binary occupancy mapping to

detect safe landing zones and utilizes point cloud data for 3D obstacle avoidance during

descent. The system functions autonomously without GPS or external infrastructure

and has been validated in realistic Gazebo/ArduPilot simulations. It supports two opera-

tional modes: ESLZD (obstacle-free landing) and ESLZD-SAR (landing in proximity to

detected survivors) (Chapter 6).

1.5 THESIS ORGANIZATION

The remainder of this thesis is organized as follows:

• Chapter 2 introduces UAV technologies, their types and applications. Overviews

the UAV path planning problem, highlights the associated challenges across different

operational domains, and presents the key performance metrics commonly used to

evaluate UAV missions.

• Chapter 3 reviews the state of the art in UAV applications for healthcare missions.

This chapter surveys relevant path planning algorithms tailored to such contexts and

presents a detailed overview of obstacle detection and avoidance strategies reported in

the literature.

• Chapter 4 presents the EA-IPP2n algorithm and evaluates its performance in single-

UAV scenarios and compares it with existing baselines.

• Chapter 5 extends the framework to multi-UAV missions through the VAP-EAMIPP

approach and compares it with existing baseline.

5



• Chapter 6 Proposes the Emergency Safe Landing System (ESLS), its two operational

modes, and evaluation results.

• Chapter 7 presents system-level integration of the proposed methods and reports SAR

mission simulation demonstrating their combined effectiveness.

• Chapter 8 concludes the thesis by summarizing contributions and outlining directions

for future research.

• Chapter 9 lists the publications resulting from this PhD thesis.

6



CHAPTER II

BACKGROUND

2.1 UNCREWED AERIAL VEHICLES (UAVS)

2.1.1 OVERVIEW

In recent years, UAVs have seen a rapid increase in use across various tasks. These

aircraft operate without a pilot onboard and are controlled either remotely or by onboard

computers. As a result, this technology has opened up countless opportunities across numerous

fields.

UAVs are available in different shapes and sizes, with varying types designed to cater

to different purposes. Some are small enough to fit in the palm of your hand, while others

are large and can carry heavy payloads. There are fixed-wing UAVs that resemble traditional

airplanes, rotary wing UAVs that operate like helicopters, and even hybrid UAVs that combine

both designs. These differences in UAV types and configurations make them versatile tools

that can be used for a wide range of applications.

2.1.2 UAV TYPES

There are three main types of UAVs, which are Rotary Wing, Fixed Wing, and Hybrid.

Each type has different features, sizes, and specifications such as footprint, weight, and power

support (gas, electric, nitro, solar, etc.).

Rotary Wing UAVs, also known as rotary-wings UAVs, allow for vertical take-off and

landing and can hover over a fixed location for continuous cellular coverage. This type of

aerial platform can be classified into single-rotor (helicopter) and multi-rotor (quadcopter



and hexacopter). Quadcopters are affordable and have good maneuverability. They’re widely

used in surveillance missions, such as in confined spaces, close-range inspection tasks, marine

settings, terrestrial areas with steep terrain, or extensive vegetation cover.

Fixed Wing UAVs are heavier and require more battery power. However, they have the

advantage of carrying higher payloads. They are ideal for use in large areas due to their high

durability and long flight time duration. However, they cannot hover or focus on the same

scene for a long period of time due to their high speed. They cannot stop or slow down the

speed during the mission. Thus, fixed-wing UAVs cannot be used as remote flying camera

controllers as they need high-speed sensors to survey.

Hybrid UAVs can switch between two modes of operation: in one mode, they can float

like helicopters, and in the other mode, they can fly like fixed-wing UAVs.

The three main types of UAVs: rotary wing (Figure 2.1a), fixed wing (Figure 2.1b), and

hybrid (Figure 2.1c) [15].

(a) Rotary Wing (b) Fixed Wing (c) Hybrid

Figure 2.1 UAV types.

2.1.3 APPLICATION DOMAINS AND MISSION CHALLENGES

This technology has been implemented in many applications, including healthcare

[3, 16, 17, 18], smart agriculture [19], photogrammetry [20], monitoring [21], rescue and
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search [22], and other domains. The use of UAVs in the healthcare field has emerged as one of

the most interesting topics in recent years [23]. UAVs have been used for medical supplies

delivery [24], organ transfer [25], emergency and first aid delivery [26], and monitoring

patients [27]. In addition, UAVs are gaining widespread attention, especially during the

pandemic [28, 29].

UAVs have become an important means of providing transportation, monitoring, and

delivery of supplies such as PCR tests and kits in remote areas [30]. A single UAV or a fleet of

UAVs can deliver medical supplies to rural areas that are inaccessible by road or air transport.

UAVs are also noted for their low cost and simplicity [31]. UAVs can bypass difficult obstacles

such as buildings and other structures. Furthermore, UAVs can help automate work and reduce

human interaction so that the tasks can be fully automated in some cases.

In any application domain, a path must be planned for the UAV to achieve the mission

goal. Different patterns and techniques are used to plan a path to maximize coverage in the

environment (known as coverage path planning methods) or maximize the utility of the data

collection (known as informative path planning methods). Each path planning method could

be used for a specific type of mission and faces different challenges such as wind, obstacles,

UAV battery lifetime, collision avoidance, or birds. The efficiency of a planned path can be

evaluated using different performance metrics, such as energy consumption and completion

time.

2.2 PATH PLANNING FOR UAVS

2.2.1 OVERVIEW

UAVs have the potential to revolutionize healthcare by enabling the delivery of medical

supplies and equipment to remote or hard-to-reach areas and in some cases acting as a life-
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saver. They can also be used for telemedicine, allowing doctors to remotely diagnose and treat

patients using cameras and other equipment mounted on the UAV.

Even more UAVs are capable of searching for patients in unknown areas and under

harsh circumstances using single or swarm of UAVs. Path planning for UAVs in healthcare

missions is an important area of research, as it involves determining the optimal path for the

UAV to reach its destination while avoiding obstacles and ensuring the safety of the aircraft

and the parcel [32, 33].

Coverage Path Planning (CPP) and Informative Path Planning (IPP) are powerful tech-

niques that can be applied in various fields, including healthcare missions. These techniques

allow for the efficient and effective use of UAVs to cover an area of interest and gather valuable

data, track patients, and locate individuals who require assistance.

In healthcare missions, UAVs can be utilized to cover large areas such as hospitals,

nursing homes, and remote communities to gather data, or like in COVID-19 pandemic where

UAVs cover areas to search for people who are not wearing masks. By using CPP and IPP,

UAVs can navigate the area in a safe and efficient manner while considering the dynamic

constraints of the healthcare mission, such as obstacles, patients’ privacy, and safety.

UAV path could be planned before the mission (offline), during the mission (online), or

both could be combined [34]. The area in most cases, is divided into a grid (Figure 2.2b) and

each cell is fitted to the UAV footprint (Figure 2.2c). To plan an offline path, planners scan the

area from a top view, as pictured by Figure 2.2a.

For online path planning, UAV vision and flight control require specific equipment to

offer real-time visual data in order to generate updated mapping and to overcome mission

challenges. Challenges addressed in recent works include power consumption, mission cost,
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(a) AOI Top View (b) Grid Map (c) UAV Footprint

Figure 2.2 AOI top view and grid division.

time, path length, number of turns, wind, and quality of coverage. These challenges vary

according to the mission type, and path status.

2.2.2 COVERAGE PATH PLANNING

CPP is a problem in route planning that aims to determine the best path that covers all

points of interest (AoI) in an environment [35] (see Figure 2.3). Several research studies have

investigated CPP and have presented a variety of path planning solutions, considering different

parameters such as the geometry of the area, whether the plan is online or offline, the number

of UAVs, completion time, and energy consumption.

Various methods have been proposed for calculating a low-cost coverage path, including

the mirror mapping method [36], context-aware UAV mobility [37], and decomposition-based

methods such as classical precise cellular decomposition [38], Boustrophedon decomposition

[39], landmark-based topological coverage [40], and grid-based approaches using trapezoidal

patterns [41, 42]. These methods all involve breaking down the area into smaller cells, which

are then visited in an efficient way to fill the free space.
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Figure 2.3 Coverage path planned for a UAV.

Motion patterns such as back-and-forth [43], spiral or circular motions [44] are used

to cover the area efficiently while considering factors such as energy consumption, time and

distance, camera resolution and field of view to minimize overlap and recurrences. Some

studies have used multiple UAVs [45, 46] or mathematical probabilistic principles through

integer linear programming [47] to optimize results and reduce completion time.

2.2.3 INFORMATIVE PATH PLANNING

IPP is a technique that uses data and algorithms to optimize the flight paths of UAVs

for specific tasks such as in healthcare missions. This can involve using information about

the environment, such as temperature and heartbeat data, to plan paths and locate patients.

By minimizing the time and energy required to complete a task, IPP can lead to a number of

benefits in healthcare missions. For example, it can enable UAVs to deliver defibrillators more

quickly to remote or hard-to-reach locations, potentially saving lives. Additionally, IPP can

improve the safety and reliability of search and rescue operations by helping UAVs quickly

identify the location of survivors and provide critical information to first responders.

The IPP technique allows UAVs to be aware of the environment and prioritize important

spots, making them more efficient in their missions. However, key challenges include the
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strong coupling of multiple layers of decisions such as location selection, sensor platform

allocation and information processing along the path.

Figure 2.4 presents a sample of an informative path that has been specifically designed

for the UAV, with the use of color coding to indicate the level of importance assigned to each

location. As can be observed, locations denoted in pink and red are considered to be of higher

significance than the other nodes.

Figure 2.4 Informative path planned for a UAV.

Examples of IPP methods include the algorithm proposed in [48], which plans an

informative path for multiple UAVs and takes into account wind, using an occupancy grid to

model weed presence on farmland [49], using global viewpoint selection and evolutionary

optimization to refine the UAV path while satisfying dynamic constraints [49], mapping

strategies for UAV-based agricultural monitoring [50], an IPP framework that maps either

discrete or continuous targets on the terrain using a probabilistic altitude-dependent sensor [8],

an IPP method that uses terrain maps to create paths in continuous 3D space during a mission

using a combination of the recursive Bayesian mapping method and an optimization strategy

with informed initialization[8], and an IPP method based on novel criteria that guide the UAV

to its optimal next position, chosen using previously collected information in a mathematically

elegant and computationally tractable way [51].
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Accordingly, the use of CPP and IPP in healthcare missions can have a significant

impact on the delivery of medical care, as it enables the efficient and effective use of UAVs to

cover large areas and gather valuable data, track patients, and locate individuals who require

assistance. This can help reduce response times, improve the quality of care, and save lives.

2.3 PATH PLANNING & COLLISION AVOIDANCE PROBLEM

During the mission, an obstacle may block the UAV’s path and prevent it from complet-

ing its flight. It may also damage the UAV while it is hovering in a tracking mission. The

obstacle could be static or dynamic. Static obstacles are like trees and signboards. They can

be located in the area grid map from the top view (see the red cell in Figure 2.5a).

(a) Static obstacle
marked by a red cell

(b) Omit obstacle cell (c) Passing through red
cell

(d) UAV position after
scanning the frontal

view

Figure 2.5 Static obstacle detection and avoidance examples.

The grid cell where the obstacle is located could be avoided either partially or completely

by the UAV. In some works [52], the whole cell is completely omitted during the mission, as

shown in Figure 2.5b. However, in other works [53], frontal obstacles are avoided by scanning

the frontal view before reaching the red cell (Figure 2.5c), in order for the UAV to decide about
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its new position (Figure 2.5d). The obstacle could be detected from different perspectives and

angles using different sensors outlined in the following sections.

Dynamic obstacles are flying birds, another UAV, or any other moving object that could

intercept the UAV path [54, 55]. They could be avoided in a 2D or 3D environment, but the

3D ones are more realistic. Dealing with dynamic obstacles is typically more challenging than

static ones due to several factors, such as the obstacle’s speed and motion. A UAV may also

be intercepted by one or more obstacles from different directions.

To ensure safety, UAVs are equipped with sensors to monitor the environment, such

as laser scanners, sonar, radar, lidar, and cameras (stereo, monocular, FPV, etc.) [56]. One

important aspect of this monitoring process is to avoid collisions [57, 58]. The sensor can

accomplish many tasks by generating 2D or 3D maps that help in detecting the obstacle’s

characteristics, for instance, Lane boundary shape, vehicles, people, distance estimation from

the UAV to obstacles, and so on.

2.4 EVALUATION METRICS

Key performance indicators (KPIs) are essential for evaluating the effectiveness of a

UAV path-planning approach. These indicators include path length, number of turns, turning

angles, rotational rate, mission completion time, UAV energy consumption, mission cost,

and coverage quality. Several models for energy consumption and mission completion time

have been proposed in the literature [59, 44, 41, 53, 42] include some models for energy

consumption and mission completion time. Additionally, alternative models for completion

time are available in [60, 61], providing further evaluation methods for route efficiency.

In a grid-based representation, the environment is modeled as a graph G(V,E), where

V denotes the set of vertices and E represents the set of edges. Each vertex corresponds to
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the center of a grid cell and is defined by its coordinates in a Cartesian plane, as illustrated in

Figure 2.6.

Figure 2.6 Graph representation: red points are vertices (nodes), blue lines are edges (connec-
tions).

The energy consumption of a UAV is influenced by the rate at which it turns [53, 62].

Minimizing the number of turns throughout the mission is therefore an important consideration.

If a UAV moves from vertex v1 to v2 and turns before proceeding to v3 (see Figure 2.6), the

turning angle can be calculated as follows:

Φ123 = π− cos−1(∠v1v2v3) (2.1)

where cos−1(∠v1v2v3) is determined using the law of cosines in △v1v2v3. The angle

can also be calculated using the Euclidean distances between vertices:

Φ123 = π− cos−1
[
(e12

2 + e23
2− e31

2)

2e12e23

]
(2.2)

where ei j = d(vi,v j) represents the Euclidean distance between vertices vi and v j.

To compute the Euclidean distance D(u,v) between two nodes u and v, the following

formula is used:
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D(u,v) =
√
(xu− xv)2 +(yu− yv)2 (2.3)

where (xu,yu) and (xv,yv) are the coordinates of nodes u and v, respectively.

In UAV path planning, optimizing trajectory length and mission completion time is a

critical aspect. The mission completion time accounts for both flight and hovering durations.

A commonly used formula for mission completion time [41] is given by:

τ =
⊤
υ
+

℧

∑
ϑ=1

Φϑ

ϖ
(2.4)

where ⊤ represents the path length, υ is the UAV speed, ℧ is the number of turns, Φϑ is

the angle of the ϑ th turn, and ϖ denotes the UAV rotation rate.

The energy consumption model follows the approach in [42]. The energy cost W (u,v)

for traversing an edge between nodes u and v is:

W (u,v) = λD(u,v) (2.5)

where λ denotes the energy consumption per unit distance, and D(u,v) is the Euclidean

distance between the nodes. The energy required for making a turn W (Φ
ûv′v

) is given by:

W (Φ
ûv′v

) = γ
180
π

Φ
ûv′v

(2.6)
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where γ represents the energy consumption per degree of turning angle. The values of

these parameters should be selected based on the specific application and validated against

values reported in the literature for comparison.

The total energy consumption E is expressed as the sum of distance-based and turn-based

energy components:

Ξ = ∑
u∈V

∑
v∈V

W (u,v)+ ∑
turns

W (Φ
ûv′v

) (2.7)

Another critical KPI is the quality of coverage (QoC), which evaluates the percentage

of the area covered by the planned path, especially in NFZ avoidance scenarios. The QoC is

defined as [42, 63, 64].:

QoC =
CN
T N
×100% (2.8)

where CN is the number of covered non-zero grid cells and T N is the total number of

non-zero cells (excluding NFZ cells).
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CHAPTER III

STATE OF THE ART

3.1 USAGE OF UAVS IN HEALTHCARE MISSIONS

3.1.1 OVERVIEW

Researchers have focused on the use of UAVs in healthcare. Some recent studies

addressed the acceptability of UAVs in the health sector [65, 66] and ethical perspectives

[67, 68]. Some studies compared the performance of UAVs sponsored by well-known firms

for healthcare-related missions [65, 69]. One of the primary operations of UAVs in healthcare

is service delivery due to their low cost compared to other vehicles.

Delivery missions include organ delivery [70, 71, 72, 73, 74], blood delivery [69, 75, 76,

77, 78], delivering small medical devices and medicines [79, 80, 81, 82, 83], and defibrillators

[84, 85, 86, 87, 88, 89, 90]. UAVs also played an important role during the COVID-19

pandemic. They have been employed to monitor or deliver various types of goods, medical

supplies, and test kits [91, 92, 93, 94, 95, 30, 96, 97]. Additionally, the use of UAVs has been

explored in various approaches for SAR missions in healthcare [98, 99, 100, 101, 102]. Figure

3.1 illustrates the distribution of UAV use in different health sector domains.

The UAV delivery task in healthcare is one of the most critical missions [103] because

of different concerns, limitations and challenges. This issue was the main theme for the works

by [104, 105, 92, 28]. Details about these concerns will be presented in Section 3.1.3.

In any pandemic or disaster or in a rural setting that is not well connected to the

health care system, UAVs can contribute to helping patients and supporting medical centres



Figure 3.1 Distribution of UAV use in the healthcare sector, as reported in the findings of
Section 3.1.4.

or laboratories by delivering medical supplies[106]. UAVs can operate in these situations

because they are designed to fly over a medium range at reasonable speeds and carry sufficient

payloads[107].

3.1.2 HEALTHCARE MISSIONS

DELIVERY OF MEDICAL SUPPLIES

One of the most crucial issues in healthcare is organ delivery. The organ shortage crisis

puts many challenges on delivery missions. Surgeons report that using UAVs to assist with

organ transplants could improve patient care [70]. However, the most challenging task is to

ensure the safety of the organs being carried or delivered. For example, organs might be stolen

during delivery. In addition, organs need specific treatment because they are sensitive to time

and temperature. Figure 3.3 shows the time limit for different organs to remain viable outside

of the body.
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Figure 3.2 AED attached to the UAV (Life-UAV AED).

Other supplies have been delivered, such as pathology specimens, laboratory test sam-

ples, and HIV therapies [94, 76, 77, 83]. UAVs can also deliver supplies that are not typically

considered urgent needs, such as maintenance drugs and contraceptives for women [108].

ORGAN DELIVERY

One of the most crucial issues in healthcare is organ delivery. The organ shortage crisis

puts many challenges on delivery missions. Surgeons report that using UAVs to assist with

organ transplants could improve patient care [70]. However, the most challenging task is to

ensure the safety of the organs being carried or delivered. For example, organs might be stolen

during delivery. In addition, organs need specific treatment because they are sensitive to time

and temperature. Figure 3.3 shows the time limit for different organs to remain viable outside

of the body.

Research and education are both needed before adopting an innovative organ transplant

system using UAV systems [70]. Figure 3.4 shows an image taken while delivering a kidney

in [70].
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Figure 3.3 Organ survival outside the body.

Figure 3.4 Researchers from the University of Maryland proposed a study on delivering a
kidney using a UAV.

BLOOD DELIVERY

UAVs could be used to deliver blood samples between laboratories and hospitals. They

offer the advantages of low cost, careful transportation and shorter delivery time of life-saving

blood samples. For example, when blood is delivered via trucks driving on a poorly maintained

road with potholes and bumps, it bounces around and vibrates, causing the blood sample to

be damaged [103]. Furthermore, blood is sensitive to temperature and must be transported

within a specific temperature range. Traffic jams in cities and mega-cities may cause delays

in delivery time when transporting these products. Many of these issues can be solved with

UAVs.
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UAVs are being tested in Southampton and other cities for various purposes, including

transportation of blood samples for pathology labs [109] as shown in Figure 3.5. The trial

of transportation of blood samples aims to help pathology labs to process samples more

efficiently.

Figure 3.5 Transportation of blood samples using UAV [109].

In [78], a proof-of-concept pilot study was conducted at an urban trauma center to

determine whether UAVs could deliver simulated blood products more rapidly than ground

transportation and investigate their use in an urban environment. The study considered

challenges such as blood product temperature stability, population safety, and legal parameters.

Researchers in [110] propose a method for UAVs to transport blood from a central location

to hospitals nearby in 15-20 minutes. In [111], the authors studied the problem of delivering

blood supplies to multiple emergency sites using UAVs and proposed an optimal method for

calculating the mixture of blood and transportation appendage in different conditions. In

[112], the authors addressed the stability of biological samples in prolonged drone flights

by obtaining paired samples from 21 adult volunteers. In [113], the authors examined the

feasibility of drone transportation for blood products, finding simple solutions for maintaining

target temperatures during flight and providing a template for future experiments.
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UAVS AND COVID-19

According to the World Health Organization (WHO), more than 6.19 million individuals

have died from the coronavirus [114]. Some people lacked support during the pandemic due

to distance and safety protocols; it was difficult to deliver assistance, whether it was meals or

medicine [115]. Even medical staff could not service all of the patients in some circumstances.

UAVs were implemented in this case to provide assistance [91]. UAVs and robots have been

used in Africa for healthcare purposes [92]. The outbreak of the pandemic revolutionized

health services in Africa and signalled a shift in the use of UAVs in healthcare [92]. Due to

many factors, such as deteriorating road networks, weak health systems, insufficient health

funding, poor network connectivity, especially in rural areas, and outbreaks of infectious

diseases, the increased use of UAV technology in health care is inevitable [92].

COVID-19 forced researchers and medical firms to develop innovative healthcare deliv-

ery systems [96, 97] using concepts that might have been unthinkable even 2 years ago. The

use of UAVs for medical services is now being tested or implemented [103]. In certain places,

such as parts of China, UAVs were utilized manually to monitor and track the movement of

people in the streets and identify those not wearing masks, as shown in Figure 3.6.

Authors in [62] proposed a scheme that examined how UAVs played a critical part in

helping individuals in quarantine during the COVID-19 in Wuhan, China, including monitoring

post-epidemic damage and other activities. UAVs were also deployed to spray sanitizers in

public areas.

In some places, UAVs were used to deliver COVID-19 test samples, such as PCR tests.

In the work of [116], a Zipline UAV was implemented to transport COVID-19 sample tests in

Ghana, as shown in Figure 3.7; the contribution of that project was to deliver samples between
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Figure 3.6 Using UAV technology to combat COVID-19 in China

rural health areas and laboratories. The samples were delivered using packages sent to and

received from the tops of plastic stands placed outside laboratories and hospitals. The paper

outlined a method for delivering medical supplies. However, the problem of maximizing the

UAV delivery range was not solved, and the entire process was not completely automated,

necessitating the hiring of additional employees to assist in the sending and receiving of

parcels.

Figure 3.7 Zipline UAV in Ghana transporting COVID-19 test samples.

The samples were delivered using packages sent to and received from the tops of plastic

stands placed outside laboratories and hospitals. The paper outlined a method for delivering
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medical supplies. However, the problem of maximizing the UAV delivery range was not

solved, and the entire process was not completely automated, necessitating the hiring of

additional employees to assist in the sending and receiving of parcels.

UAVs have been used to deliver self-testing kits to individuals who request them. The

study of [30] focused on efforts to tackle COVID-19 in Pakistan using AI-powered UAVs.

The authors mentioned the COVID-19 sample collection techniques and self-testing kits for

patients to use at home. The paper also compared the firms and markets that offer these kits.

An example is shown in Figure 3.8.

Figure 3.8 Delivering COVID-19 kits.

SEARCH AND RESCUE

Search and Rescue (SAR) missions in healthcare are critical operations that involve the

immediate and organized response to emergency situations. Specialized teams of healthcare

professionals, including paramedics, emergency medical technicians (EMTs), and doctors,

carry out these missions. These teams are equipped with the necessary medical equipment and

supplies to provide life-saving care to patients in need. The primary goal of SAR missions
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is to quickly locate and extract patients from dangerous or inaccessible areas, and transport

them to a medical facility for further treatment. This may include providing advanced life

support, stabilizing injuries, and ensuring the safe transport of patients to a hospital or other

medical facility. In order to ensure the success of SAR missions, it is essential for healthcare

organizations to have well-trained and equipped teams in place, as well as clear protocols for

communication and coordination among team members.

The authors in [99] focus on using UAVs for search and rescue missions in emergency

scenarios, specifically to locate and aid injured civilians. The mission is split into two phases:

the first phase involves using UAVs to scan designated areas and detect individuals in need

of assistance, and the second phase involves delivering necessary medical supplies and aid

to those identified. In [100], a UAV-based system utilizing a fleet of specialized UAVs is

proposed for search and rescue operations in disaster scenarios. In [101], the authors propose

two construction heuristics and a metaheuristic approach to improve the initial solution for

vehicle routing problems. In [102], the authors present a solution for using multiple Micro

Aerial Vehicles (MAVs) for cooperative search and rescue in post-disaster situations, discussing

the system configuration and key technologies developed for the mission.

Mainly, UAVs are being used in healthcare in different missions. UAVs in these missions

face challenges that include regulatory barriers, and safety concerns. It is crucial that UAVs

navigate efficiently in order to achieve these missions. The following section discusses the

challenges UAVs face in their missions, particularly in healthcare.

3.1.3 UAV CHALLENGES IN HEALTHCARE

The integration of UAVs into healthcare missions also presents a number of challenges

that must be overcome. One major challenge is ensuring the safety of both the UAVs and the
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people they interact with while achieving the mission goal. UAVs must be able to navigate

safely in crowded and complex environments, such as urban areas or in the vicinity of hospitals

and other medical facilities, to avoid collisions with other aircraft and obstacles. Additionally,

UAVs must be able to operate reliably and withstand extreme weather conditions, such as

high winds, heavy rains, and hot temperatures, to ensure that they can carry out their missions

without fail. Another challenge is ensuring the security and privacy of sensitive medical data

and personal information that may be transported by the UAVs. UAVs must be equipped with

robust security measures to protect against hacking and other forms of cyberattacks, and they

must comply with all relevant regulations and laws regarding data privacy and protection.

Moreover, concerns and regulations to fly UAV are another major challenge. UAVs must

operate within the framework of national and international regulations, such as those issued

by the Federal Aviation Administration and the International Civil Aviation Organization,

to ensure that they are operated safely and legally. These regulations may impose strict

limitations on where and when UAVs can fly, which can make it difficult to carry out certain

healthcare missions. The healthcare system must adapt to local circumstances to successfully

implement UAVs [18]. Time plays a major role in most healthcare missions, and battery life

is a major challenge for UAVs. Other challenges must be addressed. For example, while

delivering an organ or blood samples, in addition to travel duration and battery life, the organ

temperature and the UAV stability should be considered.

Other challenges arise in medical supplies delivery, such as payload and parcel capacity.

As for the COVID-19-related missions, a fleet of UAVs could be used to monitor and track

people, bringing more challenges, such as network connectivity, collision avoidance, area

coverage and communication between the UAVs. A path must be planned for the UAV in

any mission, and in any path planning problem, a set of challenges must be considered to

provide a realistic representation of the real world and the difficulties that could arise. Realistic
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challenges must be considered to present a feasible solution. Reducing mission time, saving

UAV energy and obstacle avoidance are major challenges. Failure to address these challenges

could cancel a mission if a path cannot adapt to sudden events. Time and energy are influenced

by speed, distance, UAV rotation rate, turning angles, and other factors.

Researchers who provide solutions for healthcare missions utilizing UAVs must be aware

of the challenges that could occur during these missions. The main challenges considered

in most recent work that tackles path planning problems are lowering energy consumption,

minimizing mission completion time [41, 53, 42], wind factors [117, 118], obstacle avoidance

and many other challenges [53]. There are two types of obstacles: static obstacles like trees,

buildings, or signboards [53] (Figure 3.9a,3.9b) and dynamic obstacles such as birds, balls, or

another UAV [119] (Figure 3.9c,3.9d).

(a) UAV facing trees. (b) UAV stuck in a tree. (c) UAV avoiding a bird. (d) UAV chased by a
bird.

Figure 3.9 UAV facing static and dynamic obstacles.

Other concerns in any mission include maximizing coverage range [120], optimizing

paths [121], and ensuring smooth path planning [122]. Additionally, when using a fleet of

UAVs, ensuring connectivity [123] between the UAVs and avoiding collisions are critical

challenges. One possible approach is to divide an area into sub-areas and assign a UAV to

each sub-area, as proposed in the research by [42]. Partitioning helps eliminate UAV collisions
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and prevents UAVs from flying over non-flying zones (NFZ). For reasons of safety or privacy,

these NFZs are areas where UAVs are not allowed to fly or pass over.

A live saving mission implement critical challenges to the path planning problem in

healthcare missions. Despite the fact that UAVs can’t handle all challenges in a mission,

we highlighted the most common and difficult challenges in the literature, which provided

algorithms and techniques for planning safe paths for UAVs.

3.1.4 REVIEW AND ANALYSIS

A comparative analysis of various existing approaches and case studies using UAVs

in healthcare missions is shown in Table 3.1. Mission completion time is one of the main

constraints in any mission. Table 3.1 show that 93.48% of the proposed approaches and case

studies evaluated their work with respect to time. Of these approaches, 58.70% taken into

account path length as performance metric.

However, only 26% of the approaches were aware of energy consumption. This reflects

a lack of energy-aware paths and solutions for UAVs in healthcare missions. Additionally,

mission cost is mentioned in only 17.40% of the studies, which indicates that most of the

works did not take mission cost as a priority.

Planning a path for certain delivery missions in health (organ delivery, patient rescue)

must also consider important factors, such as the state of the delivered product or the rescued

patient. For instance, the parcel temperature factor is mainly referred to in organ, blood, and

medicine delivery missions. The heart-rate factor is referred to missions related to emergency

and first aid delivery where the UAV could monitor and track the patient’s heart rate. Such

factors may change the whole planned path. Temperature was mentioned in 24% of the works,

and only 6.52% took patient heart rate into account.
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Figure 3.10 shows that 35% of the papers tested their works in real life, but 50% of those

did not include information about the flight path. A simulator was used in about 46% of the

works, but 33% of the studies that used simulators did not incorporate the flight path. About

6% of approaches tested their works in both simulator and in real-life where they provided

information on both path planning algorithms and flight paths. In 13% of the studies, in

83.33% out of these works there was no information about testing or results or mention of the

flight path. These studies raise questions about how UAVs would act in the real world.

Almost 85% of the approaches neglected the wind effect, which is one of the most

important effects in real-life scenarios. Obstacle avoidance challenges must also be considered

to allow a realistic integration of UAVs in healthcare missions. Researchers must be aware of

the environmental factors that surround the UAV in any healthcare mission. Safe paths are

among the most important factors; parcels must also be protected from the elements and from

diversion.

Figure 3.10 Overview of approaches and studies that addressed path planning and experimental
conditions.

31



Table 3.1 Comparison of 46 related works and case studies to healthcare missions.

Case Studies References [3] [25] [26] [27] [30] [73] [74] [78] [79] [84] [85] [86] [87] [88] [89]

Mission Type

Organ delivery - ✓ - - - ✓ - - - - - - - - -

Blood delivery - - - - - - - ✓ - - - - - - -

Defibrillator delivery - - - - - - - - - ✓ ✓ ✓ ✓ ✓ ✓

Medicine delivery - - ✓ - - - - - ✓ - - - - - -

Medical support delivery ✓ - - - - - - - - - - - - - -

Emergency UAV ✓ - ✓ ✓ - - ✓ - - - - - - - -

Patient monitoring - - ✓ ✓ - - - - - - - - - - -

Self-testing kit delivery - - - - ✓ - - - - - - - - - -

Spraying sanitizers - - - - - - - - - - - - - - -

Search and rescue - - - - - - - - - - - - - - -

COVID-19 Related to pandemic - - ✓ - ✓ - - - - - - - - - -

Main Challenges
Completion time ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Mission cost - - ✓ - ✓ - - - - - - - - - -

Energy consumption - - ✓ - - ✓ - - - - ✓ ✓ - - -

Factors/Metrics

Wind effect - - - - - - - ✓ - ✓ ✓ - - ✓ -

Speed/acceleration ✓ - - - - - - ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Covered distance ✓ - - - ✓ - - - ✓ ✓ ✓ - - ✓ ✓

Payload size ✓ - - - - - - ✓ ✓ - ✓ - - ✓ -

Special Challenges Parcel temperature - ✓ - - - - - ✓ ✓ - - - - - -

Patient heart rate - - - ✓ - - ✓ - - - - - - - -

Path Planning
Path is not addressed - ✓ - - - ✓ - ✓ - ✓ - ✓ - ✓ -

Flight path explained ✓ - ✓ - ✓ - ✓ - ✓ - ✓ - ✓ - ✓

Path planning algorithm - - ✓ ✓ ✓ - - - - - - - - - -

Testing and Results Real life - - - ✓ - - ✓ ✓ ✓ ✓ - - - ✓ -

Using simulator ✓ ✓ ✓ - ✓ ✓ - - - - ✓ ✓ ✓ - ✓

✓ Check mark symbol indicates the feature presence. - Dash symbol indicates the absence of a feature.
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Continue Table 3.1: Comparison of 46 related works and case studies to healthcare missions.
Case Studies References [90] [96] [97] [98] [99] [100] [101] [102] [110] [111] [112] [113] [124] [125] [126]

Mission Type

Organ delivery - - - - - - - - - - - - - ✓ -

Blood delivery - - - - - - - - ✓ ✓ ✓ ✓ - - -

Defibrillator delivery ✓ - - - - - - - - - - - - - -

Medicine delivery - - - - - - - - - - - - - - ✓

Medical support delivery - - - - - - - - - - - - ✓ - -

Emergency UAVs - - - - ✓ - - - - - - - - - -

Patient monitoring - ✓ ✓ ✓ - - - - - - - - - - -

Self-testing kit delivery - - - - - - - - - - - - - - -

Spraying sanitizers - - ✓ - - - - - - - - - - - -

Search and rescue - - - ✓ ✓ ✓ ✓ ✓ - - - - - - -

COVID-19 Related to pandemic - ✓ ✓ - - - - - - - - - - - -

Main Challenges
Completion time ✓ ✓ ✓ ✓ ✓ - ✓ - ✓ ✓ ✓ ✓ ✓ ✓ ✓

Mission cost ✓ - - - - - - - - - - - ✓ - -

Energy consumption - ✓ - - - ✓ ✓ - ✓ - - - - - -

Factors/Metrics

Wind effect - - - ✓ - - - - - - - - - - -

Speed/acceleration ✓ ✓ ✓ - - ✓ - - - - - - ✓ - -

Covered distance ✓ ✓ ✓ ✓ ✓ - - ✓ ✓ ✓ - - ✓ - ✓

Payload size - - ✓ - - - - - ✓ ✓ - - - - -

Special Challenges
Parcel temperature - - - - ✓ - - - ✓ ✓ ✓ ✓ - ✓ -

Patient heart rate - - - - - - - - - - - - - - -

Path Planning
Path is not addressed - ✓ - ✓ - - - - ✓ - ✓ ✓ - ✓ -

Flight path explained ✓ - ✓ - ✓ ✓ ✓ ✓ - ✓ - - ✓ - ✓

Path planning algorithm - - ✓ - ✓ - ✓ ✓ - ✓ - - - - -

Testing and Results
Real life ✓ - - ✓ ✓ - ✓ ✓ - ✓ ✓ ✓ - - -

Using simulator - ✓ ✓ - ✓ - ✓ ✓ - - - - ✓ ✓ ✓

✓ Check mark symbol indicates the feature presence. - Dash symbol indicates the absence of a feature.
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Continue Table 3.1: Comparison of 46 related works and case studies to healthcare missions.
Case Studies References [127] [128] [129] [130] [131] [132] [133] [134] [135] [136] [137] [138] [139] [140] [141] [142]

Mission Type

Organ delivery - - - - - - - - - - - - - - - -

Blood delivery - - - - - - - - - - - - ✓ ✓ - -

Defibrillator delivery - - - - - ✓ - - - - - - - - - -

Medicine delivery - - - - - - - - - - - ✓ ✓ - - -

Medical support delivery - - - - ✓ - ✓ - - ✓ ✓ ✓ - - - -

Emergency UAVs ✓ - - ✓ ✓ ✓ - ✓ ✓ - - - - - ✓ -

Patient monitoring - - - - - - - ✓ - - - - - - - ✓

Self-testing kit delivery - - ✓ - - - - - - - - - - - - -

Spraying sanitizers - ✓ - - - - - - - - - - - - - -

Search and rescue - - - - - - - - - - - - - - - -

COVID-19 Related to pandemic - ✓ ✓ - - - ✓ - - - - - - - - -

Main Challenges
Completion time ✓ ✓ ✓ ✓ - ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Mission cost ✓ - - ✓ - - - - - - - - - ✓ ✓ -

Energy consumption ✓ - ✓ - - ✓ - - - - - ✓ - - - -

Factors/Metrics

Wind effect - - - - - - ✓ - - - - - ✓ - - -

Speed/acceleration ✓ ✓ - - ✓ ✓ ✓ - ✓ ✓ - ✓ ✓ - ✓ -

Covered distance ✓ ✓ ✓ ✓ - - ✓ - ✓ - - ✓ ✓ ✓ ✓ -

Payload size ✓ - ✓ - ✓ ✓ ✓ - - - ✓ ✓ ✓ - - ✓

Special Challenges
Parcel temperature - - ✓ - - - - - - - - - ✓ - - -

Patient heart rate - - - - - - - ✓ - - - - - - - -

Path Planning
Path is not addressed - - - - ✓ ✓ - ✓ - ✓ - - ✓ ✓ ✓ ✓

Flight path explained ✓ ✓ ✓ ✓ - - ✓ - ✓ - ✓ ✓ - - - -

Path planning algorithm - ✓ - ✓ - - - - - - - - - - - -

Testing and Results
Real life - - ✓ - - - ✓ - - - ✓ - ✓ ✓ - -

Using simulator ✓ ✓ - ✓ - - - - ✓ - - ✓ - - ✓ ✓

✓ Check mark symbol indicates the feature presence. - Dash symbol indicates the absence of a feature.
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3.2 OBSTACLE DETECTION AND AVOIDANCE (ODA) METHODS

3.2.1 OVERVIEW

The safety of the UAV and its mobility need to be controlled while monitoring areas

of interest. A planning technique must control the UAV along a collision-free path [143,

144, 145, 146], especially in the presence of multiple UAVs [147, 148, 149]. In addition,

for a UAV mission to be successful, the application domain restrictions (obstacles and NFZ)

must be addressed in the planning strategy [150]. NFZs are zones over which aircraft are not

allowed to fly [42]. In several works [42, 63, 64, 151, 52], NFZs are viewed as static obstacles

in a two-dimensional environment. One of the main challenges in a mission is to find an

optimal path that completely covers an area of interest and avoids obstacles or NFZs without

consuming excessive energy or time [41].

The obstacle detection and avoidance (ODA) methods in this chapter are categorized

according to the avoidance techniques. An overview of the ODA mission components is

represented in Figure 3.11. In addition, a comparison analysis of the mentioned case studies is

presented based on the main mission components.

Figure 3.11 ODA Mission Components Overview
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3.2.2 ENVIRONMENT MAPPING

Environment mapping is crucial for UAV path planning, providing visual data to ensure

safe navigation [152]. Mapping frameworks can be either 2D or 3D, depending on the mission

requirements. These maps are either pre-generated before the mission or created in real-

time using UAV sensors. Table 3.2 summarizes the key mapping techniques, including their

advantages and limitations. By selecting the appropriate mapping technique, UAV systems can

enhance their ability to navigate complex environments while maintaining safe and efficient

paths.

Table 3.2 Comparison of Mapping Techniques for UAV Path Planning

Mapping Technique Advantages Limitations

Depth Map [153] Provides direct distance information,
useful for detecting obstacles and lo-
calizing objects.

Sensitive to lighting conditions;
limited range in low-contrast re-
gions.

OctoMap [154, 155] Efficient 3D representation, supports
volumetric mapping, ideal for large-
scale environments.

Computationally expensive; re-
quires significant memory for
high-resolution maps.

RTAB-Map [156, 157, 158] Real-time 3D SLAM with visual and
LiDAR data integration; handles loop
closure detection.

May struggle with rapid UAV mo-
tion and sensor noise in dynamic
environments.

Occupancy Grid [159, 160, 161] Simple and computationally efficient;
effective for 2D navigation and obsta-
cle avoidance.

Limited to 2D environments; can-
not represent complex 3D struc-
tures.

Disparity Map [162] Useful for depth estimation from
stereo images; effective for real-time
applications.

Errors in depth estimation for
long distant or low-texture ob-
jects.

UV Map [163] Enhances visual detail on 3D models;
useful for texture mapping in virtual
simulations.

Not directly useful for path plan-
ning; primarily for visualization.

Depth maps encode object distances as image intensities, providing crucial data for

obstacle detection and localization. This information is essential for UAVs to understand their

surroundings and avoid collisions, as illustrated in Figure 3.12a [153]. Complementing depth

maps, OctoMaps utilize a 3D occupancy grid to represent large-scale environments, enabling
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efficient volumetric mapping and path planning. This approach is particularly useful for UAVs

operating in complex, unstructured spaces (see Figure 3.12b) [154, 155, 164].

In real-time navigation tasks, RTAB-Map combines visual and LiDAR data for 3D

simultaneous localization and mapping (SLAM). This integration allows for loop closure

detection, which mitigates cumulative drift errors and enhances positional accuracy, as depicted

in Figure 3.12c [156, 157, 158]. For simpler environments, Occupancy Grid maps offer a

more straightforward representation by categorizing areas as occupied, free, or unknown on

a 2D grid. This method is advantageous for basic path planning tasks (see Figure 3.12d)

[159, 160, 161].

While UV maps primarily apply 2D textures to 3D models to improve visualization,

they do not directly aid UAV navigation (shown in Figure 3.12e) [163]. In contrast, Disparity

maps play a crucial role in depth estimation by measuring pixel displacement between stereo

image pairs. This technique allows UAVs to distinguish object proximity, where closer objects

appear brighter and distant ones darker, as illustrated in Figure 3.13 [162].

3.2.3 SENSORS USED FOR OBSTACLE DETECTION

UAVs rely on a variety of sensors for obstacle detection, mapping, and navigation. These

sensors differ in their capabilities, costs, and limitations. To improve accuracy UAVs often

integrate multiple sensors known as sensor fusion.

Among the most commonly used sensors are camera-based systems, including stereo,

monocular, RGB-D, and first-person view (FPV) cameras. Stereo cameras provide 3D depth

perception by analyzing two images, but their performance deteriorates in low-light conditions

[165, 166, 167, 168, 169, 170, 171, 172, 173, 174]. Monocular cameras, though cost-effective,
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(a) Depth map [153] (b) OctoMap [164] (c) RTAB-Map [156]

(d) Occupancy Grid Map
[164]

(e) UV map [163]

Figure 3.12 Examples of mapping techniques for UAV path planning.

(a) Left Camera (b) Right Camera (c) Disparity Image

Figure 3.13 Disparity map creation from stereo images [162].

capture only 2D images and rely on image processing for depth estimation [53, 154, 175,

176, 177, 178, 179, 119]. RGB-D cameras combine color and depth information, offering a

balance between cost and perception capability [158, 180, 181, 157]. FPV cameras provide

real-time video feeds and are lightweight, making them suitable for navigation but susceptible

to visibility issues in poor lighting [182, 183, 184, 185, 186, 161].

Beyond cameras, other sensors enhance UAV performance under various environmental

conditions. Lidar utilizes laser beams to generate highly accurate 3D maps, making it one
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of the most precise but also the most expensive solutions [170, 126]. MIMO radar operates

using radio waves, making it unaffected by lighting conditions while also enabling direct

velocity measurement through the Doppler effect [176, 187, 183]. Ultrasonic sensors, which

rely on sound waves, are influenced more by environmental factors than by lighting conditions

[188, 189, 190, 174, 191]. Infrared sensors detect heat radiation, but their effectiveness can be

impacted by ambient infrared interference [190, 191].

When selecting sensors, it is crucial to consider their limitations. For instance, stereo

cameras struggle with long-range depth estimation, monocular cameras lack depth perception,

and some cameras fail to detect transparent or reflective obstacles [176]. While lidars are

highly effective, they come at a significant cost. MIMO radar is robust against environmental

interference but requires complex processing. To overcome these weaknesses, UAVs often use

sensor fusion, combining multiple sensors to enhance reliability [192].

Ambient light significantly affects sensor performance. Cameras, including stereo,

monocular, RGB-D, and FPV types, perform poorly in low-light conditions [193, 194, 195,

196]. However, lidar and MIMO radar remain unaffected, making them ideal for night-time

or low-visibility operations. Ultrasonic and infrared sensors behave differently—ultrasonic

performance depends on environmental factors, while infrared is sensitive to external heat

sources.

Velocity estimation is another critical aspect of UAV navigation. Stereo cameras can

estimate velocity by analyzing depth variations across frames, whereas monocular cameras

only provide relative velocity estimates [197, 198]. Lidar enables highly accurate velocity

measurements based on distance calculations, while MIMO radar directly measures velocity

using the Doppler effect. Ultrasonic and infrared sensors are generally ineffective for precise

velocity estimation.
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Table 3.3 summarizes how different sensors perform under varying ambient light condi-

tions and their velocity estimation capabilities.

Table 3.3 Sensor Performance Under Ambient Light and Velocity Estimation Capabilities

Sensor Impact of Ambient Light Velocity Estimation

Stereo Camera Reduced depth perception in low light Estimates depth-based velocity
Monocular Camera Image quality may degrade in dim conditions Provides relative velocity only
RGB-D Camera Depth accuracy can degrade in low light Limited velocity estimation
FPV Camera Visibility can be hindered in low light No significant velocity estimation
Lidar Unaffected by ambient light Highly accurate distance-based velocity
MIMO Radar Unaffected by ambient light Direct velocity measurement via Doppler effect
Ultrasonic Sensor Less affected by light, depends on environment Poor velocity estimation
Infrared Sensor Sensitive to ambient infrared radiation Ineffective for velocity estimation

3.2.4 STATIC & DYNAMIC OBSTACLE AVOIDANCE METHODS

In path planning or monitoring missions obstacles could pop up or interrupt the UAV’s

path. As mentioned previously obstacles could be static or dynamic and could be detected using

different types of sensors. After detecting these obstacles various methods and techniques

could be designed to plan safe paths for UAVs to prevent mission failure and to assure

UAV safety.

The avoidance techniques and methods are categorized as follows: Avoidance using map

data, geometric-based, using image processing, machine learning, sensor data, vector field,

or potential field. Approaches could make use of one method or can combine two or more

methods depending on the mission components.

MAP DATA

Mapping is fundamental for UAV navigation, whether pre-generated or built dynamically

during flight. The integration of 2D and 3D map data significantly improves path planning and
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obstacle avoidance. Various studies explore different mapping techniques, each with distinct

advantages and limitations.

Grid-based methods provide structured path planning. The Energy-Aware Obstacle

Avoidance (EAOA) algorithm [53] initially generates a 2D path but refines it using a 3D frontal

view when obstacles are detected. Similarly, [119] integrates A* for smoother, energy-aware

UAV paths. However, offline approaches like [199] rely on predefined obstacle modeling and

lack adaptability to dynamic environments.

Octomap-based techniques enable 3D spatial representation for obstacle avoidance. A

bio-inspired plant growth algorithm [167] optimizes UAV movement within an Octomap,

while [170] combines stereo cameras and LiDAR to construct probabilistic 3D maps. The

3VFH+ algorithm [155] extends 2D VFH+ to 3D, extracting obstacle features for optimal

avoidance paths. Despite their accuracy, these methods can be computationally demanding.

Vision-based approaches, such as [165], use stereo cameras for disparity maps, while

[200] employs an FPV camera and IMU for visual-inertial navigation (VINS). RGB-D cameras

in [201] track obstacles in real time using Kalman filtering. These methods offer quick

responses but may falter in poor lighting.

SLAM-based approaches excel in GPS-denied environments. RTAB-Map with a ZED

camera [158] processes sensory data to build an adaptive 3D map, allowing UAVs to navigate

static obstacles. Multi-sensor fusion in [157] enhances indoor UAV navigation in rescue

missions. A feature-based planner [202] uses point clouds to classify obstacles and optimize

real-time trajectory tracking.

Each method has strengths and limitations, summarized in Table 3.4:
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Method Strengths Weaknesses Case Study

Grid-based Simple, structured, energy-efficient Limited real-time adaptability [53, 119, 199]
Octomap Detailed 3D mapping High computational cost [167, 170, 155]
Vision-based Real-time response Sensitive to lighting [165, 200, 201]
SLAM-based Works in GPS-denied areas Sensor fusion complexity [158, 157, 202]

Table 3.4 Comparison of UAV Mapping and Obstacle Avoidance Methods

GEOMETRIC-BASED

Geometric-based approaches use spatial representations and mathematical models to

ensure UAV obstacle avoidance and collision-free navigation. These methods vary from simple

safety zones to advanced velocity and collision modeling techniques.

The 3D-SWAP algorithm [171] ensures safe UAV movement in swarms by modeling

obstacles and UAVs as cylinders. Similarly, safety-zone approaches [182, 203] define circular

safe areas around obstacles to prevent collisions. These methods are computationally efficient

but struggle with dynamic threats.

Velocity obstacle methods [204, 205] predict potential collisions using obstacle velocity

and position, selecting safe paths heuristically. While effective, they struggle with multiple

moving obstacles without additional data. Collision cone methods [206, 207] generalize this

by computing a range of heading angles to ensure collision-free navigation at constant speed,

offering more adaptability.

Avoidance maps [208, 209] partition UAV control inputs into safe and collision-prone

areas, efficiently guiding maneuvers. Meanwhile, binocular vision [169, 210] enhances

obstacle detection by constructing disparity maps for depth perception, though it is sensitive

to environmental conditions.
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A hierarchical task-based approach [211] integrates graph theory to enable UAV forma-

tions while avoiding obstacles, balancing coordination and obstacle avoidance but requiring

high computational resources.

Each method has strengths and limitations, summarized in Table 3.5:

Method Strengths Weaknesses Case Study

3D-SWAP Low computation, swarm-friendly Assumes adequate braking distance [171]
Safety Zones Simple, effective for static obstacles Limited for dynamic threats [182, 203]
Velocity Obstacles Fast, heuristic-based avoidance Struggles with multiple dynamic obs. [204, 205]
Collision Cone Maintains constant speed Requires precise obstacle modeling [206, 207]
Avoidance Maps Efficient, scalable Control-space dependent [208, 209]
Binocular Vision Accurate depth estimation Sensitive to lighting [169, 210]
Hierarchical Task-Based Effective in formations High computational complexity [211]

Table 3.5 Comparison of Geometric-Based UAV Avoidance Methods

IMAGE PROCESSING

Image processing techniques enhance UAV obstacle avoidance by analyzing visual data

to detect, track, and navigate around obstacles. These methods range from monocular vision

and depth estimation to radar-based detection, each addressing specific challenges in obstacle

identification.

Monocular vision-based techniques allow UAVs to detect obstacles using feature-

matching and template-based analysis. For example, the method in [177] utilizes Speeded-Up

Robust Features (SURF [212]) and template matching to compare obstacle sizes across differ-

ent frames, distinguishing near and distant objects even in complex backgrounds. However,

monocular approaches often struggle with depth estimation in low-texture environments,

necessitating additional strategies.
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To improve upon this limitation, a size expansion-based approach [175] mimics human

perception by analyzing obstacle size changes as the UAV moves closer. This enables real-time

collision probability estimation, allowing the UAV to adjust its trajectory dynamically. While

effective within a range of 90–120 cm, this approach is constrained by distance limitations

and may require supplementary sensors for broader coverage.

For improved accuracy, radar-based image processing [183] incorporates video frame

analysis, capturing multiple sequential images to detect obstacles. By applying background

subtraction and edge detection, this method accurately estimates object size and clearance

distance, ensuring a well-defined avoidance path. Although effective, it relies on multiple

frames, which may introduce delays in fast-moving scenarios.

To address real-time responsiveness, stereo vision methods [213] leverage depth images

to construct a precise 3D obstacle map. Unlike monocular approaches, stereo cameras provide

direct depth perception, enhancing obstacle detection accuracy. This information is processed

and transmitted to the UAV’s flight controller, dynamically adjusting its global path. However,

stereo vision systems are susceptible to variations in lighting conditions, which can affect

depth estimation reliability.

The integration of these methods can create a more robust obstacle avoidance system.

While monocular vision offers a lightweight solution, combining it with depth-based or radar-

assisted techniques improves reliability and accuracy. Future UAVs may benefit from hybrid

approaches, optimizing real-time decision-making under diverse environmental conditions.

Each method has strengths and limitations, summarized in Table 3.6:
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Method Strengths Weaknesses Case Study

Monocular Vision Simple, lightweight Limited depth perception [177]
Size Expansion Real-time collision prediction Effective within short range [175]
Radar-Based Accurate object size estimation Requires multiple frames [183]
Stereo Vision Precise depth perception Sensitive to lighting variations [213]

Table 3.6 Comparison of Image Processing-Based UAV Avoidance Methods

MACHINE LEARNING

Machine learning (ML) enhances UAV obstacle avoidance by enabling adaptive decision-

making in complex environments. Various ML techniques, including neural networks, deep

reinforcement learning, and object detection models, have been integrated to improve UAV

navigation and collision avoidance.

Neural networks play a key role in learning-based avoidance strategies. In [178], a

UAV learns obstacle avoidance by imitating human behavior using deep neural networks

trained in a simulated environment using Gazebo [214]. However, such approaches rely

heavily on extensive training data and may not generalize well to unseen scenarios. To

address this, transformer-based learning [215] processes observation sequences to improve

UAV decision-making in dynamic environments, effectively balancing tracking and avoidance.

Convolutional Neural Networks (CNNs) facilitate real-time object detection. Faster

R-CNN [179] enables UAVs to detect and navigate around tree trunks using a single monocular

camera, estimating obstacle-free paths based on detected tree spacing. Meanwhile, YOLO (You

Only Look Once) is a real-time object detection algorithm that uses CNN to predict bounding

box positions and class probabilities from input images [216]. YOLO-based approaches

[217, 218] improve detection speed and accuracy, extending UAV perception to thermal

infrared imagery for enhanced obstacle identification.
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Reinforcement learning techniques enable UAVs to autonomously adapt to dynamic

obstacles. Deep Q-Learning (DQL) [172] allows UAVs to learn obstacle avoidance policies in

3D environments by maximizing flight efficiency while minimizing collisions. An extension

[219] incorporates priority sampling and exponential weighting to stabilize learning and

improve decision-making under uncertainty. Additionally, a Q-learning-based framework

[220] integrates a shortest-distance prioritization policy to optimize both local avoidance and

global path efficiency.

Sensor fusion further enhances learning-based navigation. RealSense-based reinforce-

ment learning [166] utilizes depth images to compute avoidance maneuvers, while integrated

sensing and communication (ISAC) [221] improves UAV path-following using a virtual leader

approach. Furthermore, a CNN-based end-to-end learning system [222] combines multi-

ple convolutional techniques to predict collision probabilities and adjust UAV movement in

real-time.

These methods collectively contribute to more robust UAV obstacle avoidance. Table 3.7

compares key learning-based techniques in terms of strengths, weaknesses, and applications.

Method Strengths Weaknesses Case Study

Neural Networks Human-like learning Data-intensive training [178, 215]
CNN-Based Fast object detection Limited to trained objects [179, 217, 218]
Reinforcement Learning Adaptive to dynamic obstacles Requires exploration [172, 219, 220]
Sensor Fusion Enhanced perception Computationally demanding [166, 221, 222]

Table 3.7 Comparison of Machine Learning-Based UAV Avoidance Methods
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SENSE & AVOID

Sense-and-avoid techniques combine various sensing modalities to improve UAV ob-

stacle detection and avoidance. By integrating vision, radar, and ultrasonic sensors, these

approaches enhance UAV navigation in dynamic environments.

Vision-based sensing provides critical spatial awareness. A system [176] fuses monoc-

ular camera data with millimeter-wave radar to extract 3D obstacle coordinates using an

Extended Kalman Filter (EKF), enabling Bi-RRT* path planning. To enhance UAV swarm

navigation, an active sensing framework [161] uses Gaussian mixture models (GMM) and dis-

tributed particle swarm optimization (DPSO) to generate a global consensus map, optimizing

flight formations while ensuring collision avoidance.

Sensor fusion methods further improve obstacle tracking. An approach [180] integrates

IMU and RGB-D camera data, using an Information Filter to predict obstacle motion and

define escape points for collision-free movement. Similarly, a model predictive control (MPC)-

based algorithm [223] employs a Bin-Occupancy filter to track and predict obstacles beyond

the UAV’s immediate field of view, refining navigation in cluttered indoor spaces.

Radar-based detection provides robust obstacle awareness. A 3D-sensing MIMO radar

[187] alerts UAVs to moving obstacles within their flight path, triggering evasive maneuvers.

Ultrasonic sensors [189] complement these techniques by fusing multiple sensor readings to

detect objects in multiple directions, addressing limitations of single-sensor approaches. A

low-cost system [190] combines ultrasonic and infrared sensors to refine 3D obstacle detection,

ensuring efficient collision avoidance in resource-constrained UAVs.

For enhanced precision, stereo vision is paired with ultrasonic sensors [174], enabling

UAVs to characterize their surroundings more accurately. By detecting obstacles and applying
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a rapidly exploring random tree (RRT) algorithm, this method improves UAV path planning in

complex environments.

These methods collectively contribute to more robust UAV obstacle avoidance. Table 3.8

compares sense and avoid based techniques in terms of strengths, weaknesses, and applications.

Method Strengths Weaknesses Case Study

Vision + Radar Accurate 3D mapping Requires sensor fusion [176]
Swarm Sensing Optimized formations Computational complexity [161]
IMU + RGB-D Predictive obstacle tracking Limited to known environments [180, 223]
MIMO Radar Effective for moving objects Hardware-intensive [187]
Ultrasonic Sensors Low-cost, multi-directional Limited range [189, 190]
Stereo Vision + RRT Precise depth estimation Sensitive to lighting conditions [174]

Table 3.8 Comparison of Sense-and-Avoid UAV Methods

VECTOR/POTENTIAL FIELD

Vector and artificial potential field (APF) methods are widely used in UAV obstacle

avoidance and path planning. These approaches generate repulsive forces around obstacles

and attractive forces towards goals, ensuring real-time adaptability in dynamic environments.

Traditional APF-based methods struggle with local minima, requiring enhancements to

improve performance. A leader-follower APF strategy [224] increases formation flexibility,

while an improved APF [225] incorporates Goal Not Reachable Near Obstacle (GNRON)

modifications to handle multiple obstacles. Further optimization [226] introduces spatial and

temporal constraints, enhancing avoidance speed and efficiency.

To overcome APF’s limitations in dynamic environments, fuzzy logic-based improve-

ments [227] integrate velocity repulsion fields, breaking local minima constraints and ensuring

smoother avoidance paths. Similarly, a height-factor-enhanced APF [228] prevents UAV en-
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trapment and maintains stability in fault conditions, while event-triggered APF [229] mitigates

cyber-attack risks by treating compromised UAVs as obstacles.

Hybrid approaches combine APF with graph-based methods for improved navigation.

A localized vector field and A*-based obstacle avoidance algorithm [160] plans paths dy-

namically by merging waypoints using the split and merge (SaM) algorithm. Similarly, an

ellipsoid-based avoidance method [188] extracts obstacle 3D coordinates from camera images

and generates motion vectors for cost-based avoidance path planning.

Vector field methods enhance real-time maneuverability. A depth-camera-based system

[168] utilizes OctoMap for perception, computing tangent velocity vectors to guide UAVs

through unknown environments. For swarm navigation, a vector field histogram (VFH)-based

method [230] integrates Apollonius circles for maintaining safe UAV spacing, improving co-

operative flight in complex environments. A fusion of VFH+ and dynamic window approaches

(DWA) [231] further refines cooperative multi-UAV obstacle avoidance by optimizing azimuth

corrections and rotation cost evaluations.

To address high-speed dynamic obstacle avoidance, a chance-constrained approach

[232] predicts obstacle velocities, integrating velocity uncertainty into UAV path planning.

These enhancements ensure UAVs can react efficiently to both static and moving obstacles in

unpredictable environments.

These methods collectively contribute to more robust UAV obstacle avoidance. Table 3.9

compares vector/potential field based techniques in terms of strengths, weaknesses, and applications.
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Method Strengths Weaknesses Case Study

Enhanced APF Flexible, handles formations Struggles with local minima [224, 225, 226]
Fuzzy APF Smooth, adaptive to dynamics Requires parameter tuning [227, 228, 229]
Graph-Based Optimized path planning Computational overhead [160, 188]
Vector Field Real-time, suitable for unknown areas Dependent on sensor accuracy [168, 230]
VFH + DWA Cooperative swarm navigation Increased processing complexity [231]
Chance Constraints Accounts for velocity uncertainty Requires real-time obstacle tracking [232]

Table 3.9 Comparison of Vector/Potential Field UAV Methods

3.2.5 NON FLYING ZONES

While planning paths for multiple or single UAVs, avoiding NFZs is one of the major

challenges. As mentioned previously NFZs are areas that UAVs must not cover or pass over

it. NFZs are considered 2D obstacles and are avoided using different methods, such as area

partitioning. Figure 3.14 shows an example of area partitioning, where the partitioning borders

are shown in dark green color, NFZs are represented by red cells, and the UAV planned paths

are shown in blue.

(a) Area partitioning in [42] (b) Area partitioning in [63, 64]

Figure 3.14 An example on area partitioning and NFZ avoidance.
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GRID-BASED AREA PARTITIONING AND PATH PLANNING

A path-planning algorithm for single and multiple UAVs in different area shapes and

decomposition (exact and cellular) in the presence of NFZ is proposed in [42]. To avoid NFZ,

a new area partitioning method is presented. Using this method, the entire area is divided into

equal subareas. Partition borders are set on grid cell borders, to avoid omitting area cells.

Figure 3.14a shows the partitioning area without omitting any grid cells, whereas in

Figure 3.14b the partitioning border passes through grid cells which are subsequently omitted

or ignored. The coverage quality will decrease when the boundary cells are omitted, as in

[63, 64]. In each partitioned area, a grid is formed, and a graph is then generated using the

selected vertices. A sub-graph is created by weighing all edges in the graph. The path is

optimized by removing insignificant edges and nodes using a filtering technique. The goal is

to avoid NFZ’s and enable UAVs to plan paths with minimum energy consumption, number of

turns, and completion time while increasing the quality of coverage.

An area allocation algorithm based on a clustering method and a graph method is

proposed by [151]. The partitioning algorithm allows the UAVs to plan paths that deal with

obstacles and NFZs within the area of interest. This algorithm provides collision-free subareas

without the need to perform visibility tests. The planned paths within each subarea are

evaluated by their energy consumption and time to completion.

In [52], the top view of the area is divided into grids and the paths are planned using the

Energy-aware grid-based coverage path planning (EG-CPP) algorithm. This algorithm helps in

planning coverage paths over irregularly shaped areas while minimizing energy consumption.

This algorithm plans collision-free paths that avoid NFZ and 2D obstacles in an area for a

single UAV.
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OPTIMIZATION ALGORITHMS

The Parallel Self-Adaptive Ant Colony Optimization Algorithm (PSAACO) for coverage

path planning is presented in [233]. PSAACO aims to minimize energy consumption and

completion time while considering various factors and employs grid mapping, inversion, and

insertion operators, self-adaptive parameter tuning, and parallel computing to achieve this

goal. The authors also propose the Dynamic Floyd Algorithm (DFA) to efficiently avoid NFZs

in coverage path planning (CPP) problems. They demonstrate the effectiveness of PSAACO

and DFA through experiments.

A Simultaneously Transmitting and Reflecting Reconfigurable Intelligent Surface (STAR-

RIS) is explored in [234] as a way to enhance UAV-enabled wireless communication networks

(WPCNs) to avoid NFZs in an area of interest. Moreover, an alternating optimization (AO)

algorithm, combining the penalty method and successive convex approximation (SCA) tech-

niques, is proposed to optimize the UAV trajectory, resource allocation, and beamforming

vectors for maximizing system performance.

The study in [235] addresses dynamic factors such as NFZs and reappearing targets,

using a preprocessing and group-crossover non-dominated sort genetic algorithm II (PGC-

NSGAII) for optimized UAV deployment, demonstrating superior performance.

An Obstacle Avoidance-Enabled Consensus (OAEC) algorithm that integrates NFZ

avoidance into UAV path planning in [236]. This algorithm extends the standard consensus

approach by adding a mechanism to consider NFZs. When UAVs are near NFZs, temporary

target points are generated within safe zones to guide them around the NFZs. This ensures that

UAVs maintain a safe distance from restricted areas while achieving their mission objectives.
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The multistep particle swarm optimization (MPSO) algorithm is used to determine waypoints

that avoid NFZs, ensuring that the UAV formation paths are both efficient and safe.

Approximation algorithm iteratively constructs flying tours for each UAV by solving an

orienteering problem, ensuring that the total reward collected is maximized within the UAV’s

energy capacity in [237]. This involves defining a reward function for each Points of Interest

(PoI) and optimizing the UAVs’ paths to maximize the sum of these rewards while respecting

energy constraints. It focuses on optimizing UAV paths to maximize monitoring rewards while

adhering to energy constraints, which involves consideration of obstacle and NFZ avoidance

to ensure feasible and efficient paths.

ML AND AI METHODS

A multi-agent reinforcement learning approach, which involves training UAVs to recog-

nize NFZs as areas to avoid during their trajectory optimization process presented in [238].

NFZs are incorporated into the simulated environment as obstacles or areas with negative

rewards. The UAVs learn to avoid these zones as part of their path optimization strategy. By

continuously interacting with the environment, UAVs adapt their paths dynamically to find the

most efficient routes that circumvent NFZs.

Markov Decision Process (MDP) is employed in [239] to model the decision-making

process for UAVs, where NFZs are integrated into this model as high-cost areas and effectively

guiding UAVs to avoid them. NFZs are associated with high penalty costs in the cost function,

encouraging UAVs to choose alternate paths that maintain formation while steering clear of

these restricted areas. UAVs use predicted state vectors to assess future positions and avoid

NFZs by selecting paths with the lowest associated penalties.
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Authors in [240] focus on designing robust trajectories and resource allocation strategies

for UAV-enabled wireless networks to maximize spectral efficiency while addressing practical

challenges like UAV positioning errors and NFZs. This deep learning framework effectively

models UAV trajectory and resource allocation, ensuring reliable NFZ avoidance.

SEARCH AND HEURISTIC ALGORITHMS

To integrate UAV navigation safely and efficiently into smart cities, a modified A* search

algorithm is presented in [241] to enhance using the Haversine and Vincenty formulas to avoid

NFZs and calculate distances on the Earth’s surface, accounting for its elliptical shape.

The RRT algorithm employed in [242] to ensure that waypoints are validated against

NFZ boundaries. By casting rays, the algorithm checks for intersections with NFZs and

adjusts paths accordingly. Implements probabilistic constraints to handle uncertainties in the

environment, ensuring a higher probability that UAVs avoid NFZs (Figure 3.15). This involves

adjusting the potential fields based on the likelihood of encountering NFZs.

NOVEL AND HYBRID APPROACHES

Dynamic geo-fences are used in [243] to manage UAV paths in real-time, particularly

when unexpected NFZ arise. This system enables UAVs to autonomously adjust their paths in

response to new geo-fences. In [244], a zoning system with government and user-controlled

authorization zones regulates drone fly-overs, using Attribute-Based Access Control (ABAC)

and a variation of the A* algorithm for dynamic path planning.
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Figure 3.15 Farm scenarios for task planning: key regions, NFZ, and bases from [242].

The study in [245] investigate the design of UAV trajectories and user assignments for

downlink data transmission networks while strictly adhering to multiple NFZs. Similarly,

a collision avoidance algorithm for UAVs is presented in [246], which ensures minimum

separation between UAVs and obstacles, including multiple NFZs, using differential geometry

to calculate the necessary heading angle changes. This method efficiently navigates complex

environments by avoiding NFZ’s. A navigation and collision avoidance framework using an

improved Deep Q-Network (DQN) and Faster R-CNN model allows UAVs to autonomously

avoid obstacles in [247], demonstrating superior performance in simulated 3D environments.

The challenge that existing mathematical approaches to avoid NFZs throughout their

UAVs path is addressed in [248]. The conventional method only ensures that UAVs avoid

NFZs at discrete points. To overcome this limitation, the authors introduce a new constraint

for expanded NFZs that ensures complete avoidance.
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3.2.6 REVIEW AND ANALYSIS

A successful ODA strategy consists of several key stages, as illustrated in Figure 3.16.

UAVs are often deployed for missions involving scanning, coverage, or navigation through a

designated area. To define the flight path, the mission plan is typically designed using a 2D or

3D map, which provides spatial awareness of the environment.

Figure 3.16 ODA Process Steps

UAVs must detect and avoid static and dynamic obstacles. Pre-known obstacles are

handled via offline planning, while unexpected ones require real-time avoidance. Upon

detection, the UAV adjusts its trajectory and resumes its path. Obstacle detection relies on

sensors like IR, LIDAR, Ultrasonic, RGB-D, or stereo cameras, each varying in cost, weight,

power, range, and 3D imaging capability [175].

Avoidance is influenced by energy consumption, flight duration, path efficiency, turning

angles, and environmental factors like wind. These challenges intensify in complex 3D

environments with dynamic obstacles, requiring adaptive, real-time decision-making.
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ODA APPROACHES REVIEW AND ANALYSIS

In this section, we compare and analyze the ODA approaches reviewed in this survey

based on different criteria. Table 3.10 presents this comparison and includes information on

the types of obstacles the approach is designed to detect and avoid (static, dynamic, or both),

the environment in which the approach is intended to operate (2D or 3D), the key performance

metrics that are considered, whether experiments or testing were conducted in real-life or on a

simulator and if paths are planned in offline or online mode. Table 3.11 illustrates a timeline

of obstacle detection and avoidance (ODA) methods used in UAVs over the last decade, based

on recent advancements.

The present survey reveals that the majority of the works (66%) detected and avoided

obstacles in a 3D environment. On the other hand, 28% relied on a 2D environment, while 6%

used a combination of 2D and 3D which is more realistic. In addition, there are few energy-

aware approaches (7.35%) that require more attention to be paid to this key performance by

researchers, as it plays a key role in every mission. The static obstacle type is covered by

29.4% of the approaches, where dynamic obstacles are detected and avoided in 23.5% of the

works, however, both dynamic and static obstacles are taken into consideration in 47% of the

approaches.

The majority of approaches (78%) equipped UAVs with various types of sensors, while

22% of works did not use sensors or assumed that obstacle data is already known. Maps are

used in 71.5% of approaches to detect and avoid obstacles. As for the path planning mode,

47% of the work was done online and 7.35% offline, 13.35% of the work combined online and

offline planning, and 32.35% didn’t provide any information. Out of all these paths, 21.7%

were tested in real life, 50% in simulators, and 28.3% both in real life and simulators.
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Table 3.10 Comparison between approaches related to ODA for UAVs

ODA Case Studies References [53] [154] [155] [157] [158] [160] [161] [165] [166] [167] [168] [169] [170] [171]

Obstacle Type
Static ✓ ✓ ✓ ✓ - ✓ - ✓ ✓ - ✓ ✓ - ✓

Dynamic - ✓ - - ✓ ✓ ✓ - - ✓ - - ✓ ✓

Environment
2D ✓ - - - - - ✓ - ✓ - - - - -
3D ✓ ✓ ✓ ✓ ✓ ✓ - ✓ ✓ ✓ ✓ ✓ ✓ ✓

Sensors
Stereo Cam - - ✓ - - - - ✓ ✓ ✓ - ✓ ✓ ✓

Monocular Cam ✓ ✓ - - - - - - - - - - - -
RGB-D Cam - - - ✓ - - - - - - ✓ - - -
FPV Cam - - - - ✓ - ✓ - - - - - - -
Ultrasonic - - - ✓ - - - - - - - - - -
Infrared - - - - - - - - - - - - - -
Lidar Laser - - - - - - - - - - - - ✓ ✓

MIMO Radar - - - - - - - - - - - - - -

Map Type
Grid-Based ✓ - - - - - - - - - - - - -
Depth - ✓ - - ✓ - - - - - - - - -

Octo - - ✓ - ✓ - - - - ✓ ✓ - ✓ -
RTAB - - - ✓ - - - - - - - - - -
Disparity - - - - ✓ - - ✓ - - - ✓ - -

UV - - - - - - - ✓ - - - - - -
Other - - - - - ✓ ✓ - ✓ - - - - -

Path Status
Online ✓ - - ✓ ✓ ✓ - ✓ ✓ ✓ ✓ - - ✓

Offline ✓ - ✓ - - ✓ - ✓ - - ✓ - - ✓

N/A - ✓ - - - - ✓ - - - - ✓ ✓ -

KPIs
Energy ✓ - - - - - - ✓ - - - - - -

Time ✓ - - - - ✓ ✓ ✓ - ✓ ✓ - ✓ ✓

Path Length ✓ ✓ - ✓ - ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Turning Angles ✓ - ✓ - - - - - - ✓ - - - ✓

Evaluation
Real-life - ✓ ✓ - - ✓ - ✓ - ✓ ✓ ✓ - ✓

Simulator ✓ ✓ - ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ - ✓ ✓

✓ Check mark symbol indicates the feature presence. - The dash symbol indicates the absence of a feature.
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Continue Table 3.10: Comparison between approaches related to ODA for UAVs.
ODA Case Studies References [172] [173] [174] [175] [176] [177] [178] [179] [119] [180] [181] [182] [183] [184]

Obstacle Type
Static ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ - ✓ ✓ ✓ ✓ ✓

Dynamic ✓ - - - ✓ - ✓ - ✓ ✓ ✓ ✓ ✓ -

Environment
2D - - - ✓ - - - ✓ - - - - ✓ -
3D ✓ ✓ ✓ - ✓ ✓ ✓ - ✓ ✓ ✓ ✓ - ✓

Sensors
Stereo Cam ✓ ✓ ✓ - - - - - - - - - - -
Monocular Cam - - - ✓ ✓ ✓ ✓ ✓ ✓ - - - - -
RGB-D Cam - - - - - - - - - ✓ ✓ - - -
FPV Cam - - - - - - - - - - - ✓ ✓ ✓

Ultrasonic - - ✓ - - - - - - - - - - -
Infrared - - - - - - - - - - - - - -
Lidar Laser - - - - - - - - - - - - - -
MIMO Radar - - - - ✓ - - - - - - - ✓ -

Map Type
Grid-Based - - - - - - - - ✓ - - - - -
Depth ✓ ✓ ✓ - - - - - - - - - - ✓

Octo - - - - ✓ - - - - - - - - -
RTAB - - - - - - - - - - - - - -
Disparity - - - - - - - - - - - - - -

UV - - - - - - - - - - - - - -
Other - - - ✓ - - ✓ ✓ - - ✓ - ✓ -

Path Status
Online - - ✓ - ✓ ✓ - ✓ ✓ - ✓ ✓ ✓ -
Offline - - - ✓ - - ✓ - - - - ✓ ✓ -
N/A ✓ ✓ - - - - - - - ✓ - - - ✓

KPIs
Energy - - - - - - - - ✓ - - - - -

Time - - - - - ✓ - - - ✓ ✓ ✓ ✓ ✓

Path Length - ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ -

Turning Angles ✓ - - ✓ ✓ - - - - ✓ - - - ✓

Evaluation
Real-life - - ✓ ✓ ✓ ✓ - ✓ ✓ - ✓ - - -
Simulator ✓ ✓ - - ✓ - ✓ - - ✓ ✓ ✓ ✓ ✓

✓ Check mark symbol indicates the feature presence. - The dash symbol indicates the absence of a feature.
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Continue Table 3.10: Comparison between approaches related to ODA for UAVs.
ODA Case Studies References [185] [186] [187] [188] [189] [190] [191] [199] [201] [200] [202] [203] [204] [205]

Obstacle Type
Static ✓ ✓ - ✓ - - ✓ ✓ ✓ ✓ ✓ - ✓ ✓

Dynamic - ✓ ✓ ✓ ✓ ✓ - ✓ ✓ - ✓ ✓ - ✓

Environment
2D - - - - ✓ - ✓ ✓ - - - - ✓ ✓

3D ✓ ✓ ✓ ✓ - ✓ - - ✓ ✓ ✓ ✓ - -

Sensors
Stereo Cam - - - - - - - - - - - - - -
Monocular Cam - - - ✓ - - - ✓ - ✓ - - - -
RGB-D Cam - - - - - - - - ✓ - ✓ - - -
FPV Cam ✓ ✓ - - - - - - - - - - - -
Ultrasonic - - - - ✓ ✓ ✓ - - - - - - -
Infrared - - - - - ✓ ✓ - - - - - - -
Lidar Laser - - - - - - - - - - - - - -
MIMO Radar - - ✓ - - - - - - - - - - -

Map Type
Grid-Based - - - - - - - ✓ - - - - - -
Depth ✓ - - ✓ - - - - ✓ ✓ - - - -

Octo - - - - - - - - - - - - - -
RTAB - - - - - - - - - - - - - -
Disparity - - - - - - - - - - - - - -

UV - - - - - - - - ✓ - - - - -
Other - ✓ - - - - ✓ - - ✓ ✓ ✓ - -

Path Status
Online ✓ - - - - - ✓ - ✓ ✓ ✓ ✓ - -
Offline - - - - - - - ✓ - - - - - ✓

N/A - ✓ ✓ ✓ ✓ ✓ - - - - - - ✓ -

KPIs
Energy - - - - - - - - - ✓ - - - -

Time ✓ ✓ - ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ - - -
Path Length - ✓ ✓ ✓ ✓ ✓ - ✓ ✓ ✓ ✓ ✓ ✓ ✓

Turning Angles - ✓ ✓ - - ✓ ✓ ✓ - ✓ - ✓ - -

Evaluation
Real-life ✓ - ✓ - ✓ - ✓ - ✓ ✓ - - - -
Simulator ✓ ✓ - ✓ ✓ ✓ - ✓ ✓ - ✓ ✓ ✓ ✓

✓ Check mark symbol indicates the feature presence. - The dash symbol indicates the absence of a feature.
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Continue Table 3.10: Comparison between approaches related to ODA for UAVs.
ODA Case Studies References [249] [211] [206] [207] [208] [209] [210] [213] [215] [218] [222] [250] [251]

Obstacle Type
Static ✓ ✓ - - - ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Dynamic ✓ ✓ ✓ ✓ ✓ ✓ ✓ - ✓ ✓ ✓ ✓ -

Environment
2D ✓ - ✓ - - ✓ - - ✓ ✓ - - -
3D ✓ ✓ - ✓ ✓ - ✓ ✓ - - ✓ ✓ ✓

Sensors
Stereo Cam - - - - - - - ✓ - - - - -
Monocular Cam - - - ✓ - ✓ - - - ✓ ✓ ✓ -
RGB-D Cam - - - - - - ✓ - - - - - ✓

FPV Cam - - - - ✓ - - - - - - -
Ultrasonic - - - - ✓ - - - - - - ✓ ✓

Infrared - - - - - - - - - - - - -
Lidar Laser - - - - ✓ - - - ✓ - - - -
MIMO Radar - - - - - ✓ - - - - - - -

Map Type
Grid-Based - - - - - - - - - - - - ✓

Depth - - - - - - ✓ ✓ - - - - -

Octo - - - - - - - - - - - - -
RTAB - - - - - - - - - - - - -
Disparity - - - - - - - - - - - - -

UV - - - - - - - - - - - - -
Other - ✓ ✓ ✓ ✓ ✓ ✓ - ✓ - ✓ ✓ -

Path Status
Online ✓ ✓ - ✓ - - ✓ ✓ - ✓ ✓ ✓ ✓

Offline ✓ ✓ - - - - - - - - - - -
N/A - - ✓ - ✓ ✓ - - ✓ - - - -

KPIs
Energy - - - - - - - - - - - - -

Time - ✓ ✓ ✓ ✓ ✓ ✓ - ✓ - ✓ - -
Path Length - - - - ✓ - ✓ ✓ - - - - ✓

Turning Angles ✓ - ✓ ✓ ✓ ✓ - - ✓ - ✓ - ✓

Evaluation
Real-life - ✓ - - - - - ✓ ✓ ✓ ✓ ✓ -
Simulator ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ - - ✓ ✓

✓ Check mark symbol indicates the feature presence. - The dash symbol indicates the absence of a feature.
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Continue Table 3.10: Comparison between approaches related to ODA for UAVs.
ODA Case Studies References [219] [220] [221] [223] [224] [225] [226] [227] [228] [229] [230] [232] [231]

Obstacle Type
Static - ✓ ✓ ✓ ✓ - ✓ - ✓ ✓ ✓ - ✓

Dynamic ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ - ✓ ✓ ✓ ✓

Environment
2D - ✓ - - ✓ ✓ - - ✓ ✓ ✓ - ✓

3D ✓ - ✓ ✓ - - ✓ ✓ - - - ✓ ✓

Sensors
Stereo Cam - - - - - - - - - - - - -
Monocular Cam - - - - - - - - - - - - -
RGB-D Cam - - - ✓ - - - - - - - - -
FPV Cam - - - - - - - - ✓ - - ✓ -
Ultrasonic - - - - - - - - - - - - -
Infrared - - - - - - - - - - - - -
Lidar Laser - - - - - - - - ✓ - ✓ - -
MIMO Radar - - ✓ - - - - - - - - ✓ -

Map Type
Grid-Based - ✓ - - - - - - - - ✓ - -
Depth - - - - - - - - - - - - -

Octo - - - - - - - - - - - - ✓

RTAB - - - - - - - - - - - - -
Disparity - - - - - - - - - - - - -

UV - - - - - - - - - - - - -
Other - - - ✓ - - - - - - - - -

Path Status
Online - ✓ ✓ - ✓ ✓ ✓ - ✓ ✓ ✓ - ✓

Offline - - - - - - - - - - - - -
N/A ✓ - - ✓ - - - ✓ - - - ✓ -

KPIs
Energy - - - - - - - - - ✓ - - -

Time ✓ ✓ ✓ ✓ ✓ ✓ ✓ - - - - ✓ ✓

Path Length - ✓ - - - - - ✓ - ✓ ✓ - -

Turning Angles - - ✓ - ✓ - ✓ - - - ✓ - ✓

Evaluation
Real-life - - - ✓ - - ✓ - - - - - -
Simulator ✓ ✓ ✓ - ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

✓ Check mark symbol indicates the feature presence. - The dash symbol indicates the absence of a feature.
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It’s important to note that using simulators alone does not guarantee that the method-

ologies will perform effectively and accurately in real-life scenarios. Out of all the works,

42.65% underwent testing in real-life scenarios or both in simulation and real life. This had an

impact on their maturity level, which is determined by the method’s success in real life.

From the data presented in Figure 3.17, we see that a significant portion of the works

reviewed in this study proposed methods for avoiding obstacles during autonomous navigation.

Specifically, 25% of the works rely on machine learning techniques and 19% map data to

avoid obstacles.

Figure 3.17 Distribution of obstacle avoidance methods.

Furthermore, 19% of the works utilized geometrical-based methods, which may involve

the use of geometric shapes or mathematical calculations to determine the location and path of

obstacles. In 19% of the works involves using vector or potential fields to guide the movement

of the autonomous system around obstacles.

On the other hand, 12% of the approaches employed to sense and avoid methods, in

which the autonomous system is equipped with sensors that allow it to detect and avoid
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obstacles. In addition, 6% of the works used image processing techniques to identify and

avoid obstacles, while 1% of the works did not specify any details about the method they used.

Table 3.11 presents a timeline of ODA methods used for UAVs from 2015 to 2024. The

ODA methods are classified into categories such as Machine Learning & AI, Sensor Fusion,

SLAM, Reactive Control, Bio-Inspired, Collaborative UAV System, Single Sensor Navigation,

Energy-Aware, Perception, and Computer Vision & VR.

Notable progress includes the emergence of Machine Learning & AI studies between

2019-2024, Perception algorithms from 2015-2024. Sensor Fusion advancements in 2015,

2017, 2018, 2020, 2021, and 2024, also Reactive Control studies in 2017,2018, and 2020-

2024. Moreover, the SLAM based works present in years 2015, 2018, 2019, 2023, and 2024.

Singles sensor navigation works appears in years between 2017 - 2019. The table provides

a comprehensive overview of the evolution of ODA techniques in UAVs over the recent 10

years.

Table 3.11 Timeline for the evolution of the ODA approaches in the last decade based on the
recent advances in UAVs

Years 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024

Machine Learning & AI - - - - [154, 184, 219] [166, 178, 181, 222] [172, 173, 179] - [205, 220] [250]

Sensor Fusion [190] - [191] [170, 171, 174] - [176] [208] - - [157]

SLAM [190] - - [168, 200] [158] - - - [202] [221]

Reactive Control - - [169, 207] [168, 224] - [227] [225, 70] [160] [201, 228, 231, 210] [199]

Bio-Inspired - - [175] - - - [167] - - -

Collaborative UAV system - - - - - - [209] [161] - -

Single Sensor Navigation - - [182] [185] [187, 189] - - - [232] -

Energy-Aware - - - [165] [119] [53] - - - -

Perception [252, 180] [223] [169, 204] [168] [188] [161] [211] [218] [251, 230] [226, 250]

Computer Vision & VR - - [186, 213] [185] - - - [218] - -
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NFZ AVOIDANCE APPROACHES REVIEW AND ANALYSIS

Based on various criteria, we compare and analyze the approaches reviewed in this

survey for avoiding NFZs. Table 3.12 compares these approaches based on the type of area

decomposition used, the number of NFZs avoided, the method used to partition the area, the

number of UAVs involved, and the KPIs used to evaluate the approaches.

Around 28.6% of the works uses approximate cellular decomposition and grid division.

Of these approaches, 9.5% use exact and approximate area decomposition with the application

of grid sub-division techniques in 4.8% of all works. In 47.6% of the works grid-based

technique is applied and 19% used other techniques. However, 66.66% and 23.8% of all the

works did not include any information about area cellular decomposition and decomposition

technique respectively. Out of all the approaches considered, 76.2% avoid one NFZ within the

area, while 28.6% only avoid NFZs around the area. However, 71.4% of the approaches are

able to avoid more than one NFZ within the area.

Additionally, 43% of the reviewed works did not provide or use an existing partitioning

algorithm for the area of interest to avoid NFZs. Among the works only 19% mentioned that

the area partitioning algorithm doesn’t exclude cells that lie under the partitioning border.

Only 4.8% of the approaches provided an NFZ avoidance algorithm that could be used

for single and multiple numbers of UAVs. Let us note that only 38.1% of the approaches are

energy-aware, and 85.7% of the works have considered completion time in their approach.

Moreover, 28.6% of the works take the quality of coverage as a KPI. Among 14.3% of the

studies none of these three main KPI’s is taken into account.
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Table 3.12 Comparison between approaches related to NFZ Avoidance for UAVs

NFZ Case Studies References [42] [63] [42] [151] [52] [233] [234]

Area Cellular decomposition
Approximate ✓ ✓ ✓ ✓ ✓ ✓ -

Exact ✓ - - - - - -

Area decomposition Technique
Grid-based ✓ ✓ ✓ ✓ ✓ ✓ -
Grid Sub-division ✓ - - - - - -
Other - - - - - - -

Non-flying zones
Presence of NFZ inside the area ✓ ✓ ✓ ✓ ✓ ✓ ✓

NFZ located around the area ✓ - - ✓ ✓ ✓ -
More than one NFZ inside the area - - - ✓ - ✓ -

Area Partitioning
Provide Partition algorithm ✓ ✓ ✓ ✓ - ✓ -

Exclude partition border cells - ✓ ✓ - - ✓ -

Number of UAVs
Single UAV ✓ - - - ✓ ✓ ✓

Multiple UAVs ✓ ✓ ✓ ✓ - - -

KPI
Energy consumption ✓ - - ✓ ✓ ✓ ✓

Completion time ✓ ✓ ✓ ✓ ✓ ✓ ✓

Quality of Coverage ✓ ✓ ✓ - - - -

✓ Check mark symbol indicates the feature presence. - The dash symbol indicates the absence of a feature.
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Table 3.12 Continuing Table 3.12

NFZ Case Studies References [235] [236] [237] [238] [239] [240] [241]

Area Cellular decomposition
Approximate - - - - - - -

Exact - - - - - - -

Area decomposition Technique
Grid-based - - ✓ - - - ✓

Grid Sub-division - - - - - - -
Other ✓ ✓ - - - ✓ -

Non-flying zones
Presence of NFZ inside the area ✓ ✓ ✓ - - ✓ ✓

NFZ located around the area - - - - - - ✓

More than one NFZ inside the area ✓ ✓ - ✓ ✓ ✓ ✓

Area Partitioning
Provide Partition algorithm ✓ - - - - ✓ -

Exclude partition border cells - - - - - - -

Number of UAVs
Single UAV - - - - - ✓ ✓

Multiple UAVs ✓ ✓ ✓ ✓ ✓ - -

KPI
Energy consumption ✓ - ✓ - - - -

Completion time ✓ ✓ ✓ ✓ - ✓ ✓

Quality of Coverage ✓ - - - - ✓ -

✓ Check mark symbol indicates the feature presence. - The dash symbol indicates the absence of a feature.
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Table 3.12 Continuing Table 3.12

NFZ Case Studies References [242] [243] [244] [245] [246] [247] [248]

Area Cellular decomposition
Approximate - - - - - - -

Exact - - - ✓ - - -

Area decomposition Technique
Grid-based ✓ - ✓ - - - -
Grid Sub-division - - - - - - -
Other - ✓ - ✓ ✓ - -

Non-flying zones
Presence of NFZ inside the area - ✓ ✓ ✓ ✓ ✓ ✓

NFZ located around the area ✓ - - - - - -
More than one NFZ inside the area ✓ ✓ ✓ ✓ ✓ ✓ ✓

Area Partitioning
Provide Partition algorithm ✓ ✓ ✓ ✓ - ✓ -

Exclude partition border cells ✓ - - - - - -

Number of UAVs
Single UAV ✓ - ✓ ✓ ✓ ✓ ✓

Multiple UAVs - ✓ - - - - -

KPI
Energy consumption ✓ - - - - - -

Completion time ✓ ✓ ✓ - ✓ ✓ -

Quality of Coverage - - ✓ - - - -

✓ Check mark symbol indicates the feature presence. - The dash symbol indicates the absence of a feature.
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3.3 SUMMARY

Chapter 3 presents a comprehensive review of the existing literature and technologies

related to UAV applications, particularly in healthcare and emergency response. It begins with

an exploration of UAVs in healthcare missions, detailing their roles in medical supply delivery,

organ transport, blood sample transportation, and COVID-19 response efforts. The chapter

also examines the use of UAVs in search and rescue operations, emphasizing their ability to

reach inaccessible locations and provide timely assistance.

Furthermore, the chapter discusses various challenges UAVs face in healthcare mis-

sions, such as regulatory constraints, technical limitations, and energy efficiency concerns.

The review also covers different methodologies in obstacle detection and avoidance (ODA),

including machine learning, image processing, and geometric-based approaches. Finally, it

evaluates UAV path planning strategies, with a focus on navigation in complex environments

and avoidance of no-fly zones (NFZs), highlighting the advantages and limitations of existing

solutions.
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CHAPTER IV

EA-IPP2N: ENERGY-AWARE INFORMATIVE PATH PLANNING ALGORITHM

FOR UAVS

4.1 OVERVIEW

UAVs Applications include agriculture, environmental monitoring, search and rescue

(SAR) operations, gas pipeline inspection, and even Mars site exploration [1, 2, 253]. In

these operationally critical missions, UAVs are increasingly employed to deliver medical

supplies, informative mapping, monitor inaccessible regions, or aid in locating survivors

during emergencies.

The effectiveness of such missions depends on the UAV’s ability to autonomously plan

paths that maximize mission objectives. Autonomous path planning ensures safe and efficient

navigation by determining optimal routes while satisfying specific operational constraints

such as limited battery capacity, mission duration, and resource usage. This work focuses on

pre-mission planning, where the UAV’s path is computed offline before flight begins, ensuring

safe and efficient mission execution under known constraints.

4.1.1 MOTIVATION

A major challenge in UAV deployments is generating paths that maximize information

gain or cover high-priority areas while respecting strict energy and time budgets. This

challenge is addressed in the field of Informative Path Planning (IPP), where the objective is to

guide a UAV to maximize collected information or utility. IPP often maps to the Orienteering



Problem (OP), where the goal is to visit a subset of locations to maximize cumulative reward

within a budget typically flight time.

Although several IPP methods exist for UAVs [254, 255, 256, 257, 8, 258], most

simplify the problem by considering only one constraint, often time while neglecting energy

consumption. Approaches that include energy [258, 259] often ignore maneuvering costs

from heading changes or turning angles, leading to unrealistic estimates for rotary-wing UAVs

where turns significantly impact energy use [41]. Furthermore, integrating turning dynamics

into both time and energy models remains rare, despite its importance for missions like SAR

and healthcare logistics [1].

Studies such as Michel et al. [260] show that minimizing distance does not necessarily

minimize energy consumption, with differences exceeding 14% in 3D environments. In

multi-UAV operations, rapid coverage and reduced turning are equally critical for energy and

time efficiency [9, 261]. These gaps highlight the need for planning algorithms that jointly

optimize time and energy under realistic UAV motion dynamics.

4.1.2 MAIN CONTRIBUTIONS

To address these challenges, we propose EA-IPP2n, an Energy-Aware Informative Path

Planning algorithm that:

• Simultaneously enforces time and energy constraints for UAV deployment in critical

missions.

• Uses a multi-factor edge cost model combining distance and turning angle to jointly

evaluate energy and time cost while incorporating node rewards.
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• Implements a two-hop look-ahead planning strategy that balances reward maximization

with normalized resource usage through an iterative, greedy decision-making process.

EA-IPP2n represents the environment as a weighted graph with nodes as locations

of interest and edges encoding transition costs based on both distance and turning angles.

Time and energy are normalized using empirically calibrated UAV motion models [262, 263],

ensuring operational feasibility. The algorithm is validated through simulations replicating

SAR-like environments with skewed reward distributions, and benchmarked against six state-

of-the-art methods. Results show EA-IPP2n achieves higher rewards, respects both budgets,

and improves performance across multiple metrics.

4.2 BACKGROUND

IPP has been increasingly studied for UAV missions involving terrain monitoring,

environmental surveillance, and SAR. Prior research encompasses sampling-based, heuristic-

based, and learning-based methods aimed at maximizing information gain under operational

constraints such as time or energy.

Sampling-based approaches such as Informed-RRT* have been adapted for dynamic

environments [254], while Dubins path-based orienteering models with neighborhood con-

straints have been employed to generate cost-efficient trajectories under motion limitations

[6]. Probabilistic Road-maps (PRM) and Rapidly-exploring Random Trees (RRT) have also

been integrated with reactive methods like the Dynamic Window Approach (DWA) to enable

real-time obstacle avoidance in cluttered scenarios [254, 264].

Metaheuristic and evolutionary planners, including GA, ACO, and MCTS, have been

widely applied for path planing due to their adaptability and scalability.
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The GA is a population-based metaheuristic inspired by the principle of natural selection

[265]. It evolves a population of candidate solutions (paths) over generations through crossover,

mutation, and selection. In UAV path planning, GA can discover effective visitation sequences

that maximize collected rewards under constraints.

The Greedy Search strategy offers a simple and fast alternative by making locally optimal

decisions at each step, often based on the nearest unvisited neighbor with the highest reward-

to-cost ratio [266]. Despite its low computational overhead, Greedy Search is shortsighted

and prone to suboptimal global solutions, especially in environments with sparse or clustered

reward distributions.

In contrast, ACO simulates pheromone-guided foraging behavior of ants to proba-

bilistically explore paths [267, 268], while MCTS performs roll out simulations to identify

high-reward trajectories through statistical evaluation [269]. These methods balance ex-

ploration and exploitation more effectively but may still overlook energy dynamics unless

explicitly modeled.

Recent efforts have explored deep learning methods, particularly Deep Reinforcement

Learning (DRL), for adaptive path planning. Rückin et al [256] combine DRL with dy-

namic graphs or spatial attention mechanisms to optimize reward acquisition in complex

environments. Semantic understanding has also been incorporated through hierarchical and

multi-resolution semantic mapping frameworks [257, 8, 50], improving the UAV’s ability to

prioritize meaningful regions.

Orisatoki [258] introduced the Information-theoretic HIPP algorithm in unknown en-

vironments using occupancy grid maps and LiDAR-based exploration. While effective for

maximizing mapping coverage, HIPP does not account for UAV constraints such as energy

usage or turning costs, making it less suited for time and energy critical missions.
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Multi-UAV systems have gained attention for cooperative exploration and information

gathering, utilizing decentralized or leader-follower architectures [48, 7]. The Multiple-UAV

IPP and Mapping method (MIPP) proposed by Cho et al. [48] formulates the mission as a

sequence of subproblems that include task location optimization based on mutual information,

wind-aware path planning with energy-based cost functions, and Gaussian process mapping

for environmental estimation. The approach models routing as a min–max multiple-depot

multiple traveling salesman problem, thereby inherently considering mission time constraints

for each UAV. However, MIPP evaluates energy primarily as a function of path length and

wind alignment, without explicitly modeling maneuvering costs such as turning angles, which

are critical in rotary-wing UAV missions. Online IPP frameworks and Bayesian optimization-

based planners [270, 271] further improve adaptability by allowing UAVs to update plans

based on evolving observations or model uncertainty.

Despite these advancements, existing IPP methods rely on idealized energy consumption

models and typically address only a single constraint. Works such as [259, 272] introduce

energy-aware formulations but do not account for factors like turning energy a key factor for

UAVs. Furthermore, integrated models that simultaneously handle time, energy, and spatial

reward optimization remain limited in the literature.

The proposed EA-IPP2n differs from existing methods by explicitly incorporating both

time and energy constraints, accounting for turning effort, and using a two-hop look-ahead

strategy within a reward-driven planning framework.
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4.3 ORIENTEERING PROBLEM

4.3.1 PROBLEM OVERVIEW

In this work, we propose a global pre-mission informative path planner that operates

on a subset of strategically selected nodes, each representing a location of interest with an

predefined reward. The objective is to maximize the cumulative reward collected under strict

time and energy constraints. The UAV is not required to visit all nodes; instead, the planner

determines a feasible, high-utility visitation sequence that reflects mission priorities.

We extend the classical Orienteering Problem (OP) by incorporating dual constraints:

completion time and energy consumption. Both are critical in UAV operations, where motion

dynamics and payload mass strongly affect endurance. While increasing battery capacity may

extend flight time, it also increases overall energy demand due to added weight. This trade-off

makes it essential to design routes that maximize information gain within limited resources.

Fig. 4.1 shows an example of the initial mission context, where a heat map illustrates

the spatial distribution of reward values across the operational area before discretization into

nodes. The continuous spatial priority map is then discretized into N nodes, each assigned a

reward according to its corresponding location in the heat map.

Such a representation can encode information provided by first responders in SAR

missions, identify points of interest for gas pipeline inspections, highlight critical zones in

wildfire monitoring, or prioritize sectors during large-scale search operations.

4.3.2 GRAPH-BASED PROBLEM DEFINITION

In this work, the set of mission nodes and their rewards are predefined and provided

directly to the pre-mission planner as a graph. This graph-based representation allows us
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to formally define the problem as follows. Let the given budgets be the maximum energy

consumption, denoted Ebud, and the maximum completion time, denoted Tbud. The energy

consumption depends on two key factors: the distance traveled between two points (d) and the

turning angles (θ ), associated with energy costs per meter (λ ) and per degree of turning (γ).

Similarly, the completion time depends on the UAV’s speed (v), the total travel distance, the

turning angles, and the rotational rate (ω). We model the environment as a graph G(N,E ,R,C),

where:

• N = {n1,n2, . . .} is the set of nodes,

• E = {e1,e2, . . .} ⊆ N×N is the set of undirected edges,

• R denotes the set of rewards assigned to nodes,

• C represents color-coded reward categories, assigned to values ranging from 0.0 to 1.0.

These values indicate the initial relative importance of different zones, from purple (very

low priority) to red (very high priority), as shown in Fig. 4.1.

Figure 4.1 Initial mission data visualized as a spatial heatmap, with warmer colors indicating
higher-priority areas. (Corresponds to Scenario 1 in Sec. 4.5.)

Each edge is labeled by a mapping κ : E → T ×E, where T,E ∈ R represent the time

and energy required to traverse the edge. For example, edge e is labeled as e(Te,Ee) where
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Te and Ee denote the time and energy required to traverse edge e. Each node is labeled via a

mapping r : N→ R, indicating the reward value at that location. A path p is as a sequence of k

connected edges:

p = {e1,e2, . . . ,ek} (4.1)

The cumulative reward Rp along the path p is the sum of the rewards at each node n j

visited on the path, as follows:

Rp = ∑
n j∈p

r(n j) (4.2)

where r(n j) is the reward value associated with node n j. Our objective is to find the optimal
path p∗ from the set of feasible paths P that maximizes the total reward:

Rtotal = max
p∈P

{
∑

n j∈p
r(n j)

}

subject to ∑
e∈p

Te ≤ Tbud, ∑
e∈p

Ee ≤ Ebud

(4.3)

where Tbud and Ebud represent the available time and energy budgets, respectively.

4.4 ENERGY-AWARE INFORMATIVE PATH PLANNING USING 2-HOP EVALUA-

TION

The proposed algorithm, EA-IPP2n is a reward-driven path planning algorithm designed

for UAV missions operating under strict time and energy constraints. It plans routes through

spatial nodes prioritized based on critical area data to maximize total reward while adhering to
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resource budgets. EA-IPP2n evaluates the nearest 2-hop combinations during each iteration to

greedily select the most efficient reward-optimal transitions.

4.4.1 EDGE CALCULATIONS:

Each edge in the graph corresponds to a UAV movement from node j to node k,

potentially influenced by the previous heading from node i (i.e., movement from i→ j→ k).

The Euclidean distance between two nodes i and j iwas calculated using Eq(2.3).

The turning angle at node j between nodes i→ j→ k is calculated using the cosine law

Eq(2.6). If i is None (i.e., first step), a virtual node is introduced behind Node 0 to define an

initial heading, effectively assigning a default direction (e.g., (xi,yi) = (−1,0)) as shown in

Fig. 4.2. The result is then converted to degrees.

We use time [263] and energy [262, 41, 53, 42] consumption models to evaluate the

transition cost when moving from node j to node k, considering the previous node i. Eq(2.7)

and Eq(2.4)

4.4.2 NORMALIZATION OF TIME AND ENERGY

To balance the cost function and make units comparable, time and energy are normalized

per edge.

MaxTimePerEdge =
Tbud

(N−1)/2
(4.4)

MaxEnergyPerEdge =
Ebud

(N−1)/1.5
(4.5)
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Let Te1 and Ee1 be the time and energy required to travel from the current node i to an

intermediate node j, and Te2 and Ee2 those needed to reach the next candidate node k along

the path i
Te1 ,Ee1−−−−→ j

Te2 ,Ee2−−−−→ k.

NT =
Te1 +Te2

2 ·MaxTimePerEdge
(4.6)

NE =
Ee1 +Ee2

2 ·MaxEnergyPerEdge
(4.7)

In the implemented models, both time and energy costs are influenced by path length

and turning angles; however, energy consumption is more significantly affected by turns

due to the higher power demands of directional changes in rotary-wing UAVs [270, 262].

Observations from the evaluated scenarios (see Sec. 4.5) show that the UAV typically visits

only around N/1.5 nodes before depleting the energy budget, whereas the time budget often

allows for longer trajectories. To reflect this disparity and avoid overly conservative per-edge

normalization, we introduce a correction factor of 1.5 in Equation (4.5). Although heuristic,

this factor improves the granularity of edge evaluation and is consistent with energy-aware

planning strategies that account for realistic UAV motion dynamics [270, 272].

4.4.3 NEIGHBOR FILTERING AND COST FUNCTION SELECTION STRATEGY

To reduce complexity while preserving path quality, the algorithm evaluates only the five

nearest neighbors at each hop. This localized neighbor filtering ensures the UAV considers only

relevant transitions that are more likely to be feasible given the time and energy constraints. The

five-neighbor limit was empirically selected as a trade-off between computational efficiency

and solution diversity, particularly in dense graphs where exhaustive edge evaluations would

be computationally prohibitive.
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To accommodate various trade-offs between operational constraints and mission ob-

jectives, the algorithm employs a parametric cost function for evaluating 2-hop transitions

( j,k). Each cost function is formulated as a convex combination of normalized time (NT ),

normalized energy (NE), and average reward R̄, as follows:

Cost( j,k) = α ·NT +α ·NE +β · (1− R̄) (4.8)

Here, α equally weights time and energy, while β = 1−2α assigns the rest to reward,

enabling flexible trade-offs between constraints and information gain. The three configurations

are shown in Table 4.1.

Table 4.1 Cost function configurations in EA-IPP2n

Cost Function α β Focus

CostB
1
3

1
3 Balanced trade-off

CostR 0.20 0.60 Reward-focused
CostC 0.30 0.40 Constraint-focused

At each step, the algorithm evaluates the best path under each cost configuration and

selects the one yielding the highest cumulative reward within the global time and energy

budgets. This adaptive multi-cost evaluation improves robustness to varying spatial reward

distributions.

The evaluation of candidate two-hop transitions from Node 0 in Fig. 4.2 is presented

in Table 4.2. Here, the normalized time (NT ) and normalized energy (NE) are computed

using Equations 4.6 and 4.7. The average reward (R̄) corresponds to the mean of the real

reward values assigned to the involved nodes. The cost metrics for each configuration are then

obtained using Equation 4.8.
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Figure 4.2 Candidate paths from Node 0 to nearby nodes (1–4). The selected path 0 → 2 → 4,
with the lowest cost, is shown in red.

Table 4.2 Evaluation of Paths from Node 0 Using Normalized Metrics and Parametric Cost
Functions

i→ j→ k NT NE R̄ CostB CostR CostC

0→ 1→ 2 0.62 0.54 0.45 0.713 0.587 0.652
0→ 1→ 3 0.60 0.46 0.25 0.810 0.727 0.764
0→ 1→ 4 0.85 0.74 0.50 0.789 0.657 0.700
0→ 2→ 1 0.64 0.57 0.45 0.744 0.616 0.669
0→ 2→ 3 0.52 0.42 0.40 0.697 0.635 0.673
0→ 2→ 4 0.54 0.37 0.65 0.533 0.430 0.472
0→ 3→ 4 0.76 0.63 0.45 0.769 0.618 0.661

After the main loop terminates— once no valid 2-hop pairs remain within budget—

the planner attempts to add a final single-hop transition if feasible. This step ensures that

any remaining time or energy budget, which may be insufficient for a two-hop sequence but

adequate for reaching one more node, is still exploited. By applying the same parametric cost

function (adapted to a single hop), the planner can collect additional reward rather than leaving

residual resources unused. The proposed planning method is summarized in Algorithm 4.1.
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Input: Node set N, depot n0, budgets (Tbud,Ebud), UAV dynamics (v,λ ,γ)
Output: Feasible path p∗ maximizing cumulative reward

1 Initialize p← [n0], R,T,E←0; set nprev←None, ncur←n0;
2 Compute MaxTimePerEdge and MaxEnergyPerEdge via Eq(4.4)–Eq(4.5);
3 while feasible two-hop (i→ j→k) exists do
4 Select up to five nearest unvisited neighbors J of ncur;
5 foreach j∈J do
6 Select up to five unvisited neighbors K of j;
7 foreach k∈K do
8 Compute (Te1 ,Ee1) and (Te2,Ee2) via Eq(2.4), Eq(2.7);
9 if T+Te1+Te2 >Tbud or E+Ee1+Ee2 >Ebud then

10 discard;
11 end
12 Compute NT,NE (Eq(4.6)–Eq(4.7)) and R̄←(r( j)+r(k))/2;
13 Evaluate cost using Eq(4.8) for each configuration in Table 4.1;
14 Record the lowest-cost ( j,k) per configuration;
15 end
16 end
17 Choose the configuration yielding the highest reward among its best ( j,k) pairs;
18 Append ( j∗,k∗) to p, update T,E,R, and mark nodes visited;
19 Set nprev← j∗, ncur←k∗;
20 end
21 if residual budget allows single-hop then
22 Evaluate remaining candidates using Eq(2.4)–Eq(4.8); append best k∗ to p;
23 end
24 return p∗

Algorithm 4.1: EA-IPP2n Planner

4.5 EVALUATION AND RESULTS

4.5.1 EXPERIMENTAL SETUP

The proposed algorithm is benchmarked against HIPP [258], MIPP [48], and four well-

known path planning/metaheuristic strategies ACO, GA, Greedy, and MCTS. All algorithms

were evaluated on two scenarios with 100 nodes having the same time budget constraints

in 5 missions (10 in total). Specifically, if visiting the next candidate node would cause the
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total path time to exceed the time budget, the algorithm terminates the path. This stopping

condition was uniformly applied to ACO, GA, MCTS, Greedy Search, HIPP, and MIPP (which

inherently considers time budget constraints).

In addition, we enforced a path length and turning-angle based energy model 2.7 on both

HIPP and MIPP to enable a fairer comparison under similar operational conditions. While

MIPP originally accounts for path length and wind-field effects in its energy modeling, it

does not explicitly capture turning effort. By extending both HIPP and MIPP with the same

dual-budget constraint (time and energy, including turning costs), we ensured consistency in

performance evaluation across algorithms. Although EA-IPP2n was originally designed to

integrate these factors, applying the same enriched formulation to baseline methods highlights

the benefits of explicitly accounting for turning-induced energy consumption alongside time

constraints. All simulations were conducted on Ubuntu 20.04, running on an Intel i7-6700HQ

CPU, 16 GB RAM, and an NVIDIA GTX 965M GPU. The simulation parameters used for

each method are as follows

• Ant Colony Optimization (ACO): Configured with 50 ants and 100 iterations.

• Genetic Algorithm (GA): Utilized a population size of 100 over 200 generations.

• Monte Carlo Tree Search (MCTS): Executed 100,000 Monte Carlo simulations per

decision step.

4.5.2 TIME AND ENERGY BUDGET SELECTION

To examine the scalability and robustness of the proposed algorithm under varying

operational constraints, two scenario sets, denoted SC1 and SC2, were constructed. Each
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scenario includes the same five missions, with time and energy budgets scaled proportionally

to simulate varying resource conditions:

• Mission 1: Tbud = 900s, Ebud = 216kJ

• Mission 2: Tbud = 1050s, Ebud = 252kJ

• Mission 3: Tbud = 1200s, Ebud = 288kJ

• Mission 4: Tbud = 1350s, Ebud = 324kJ

• Mission 5: Tbud = 1500s, Ebud = 360kJ

The mission budgets are scaled proportionally with respect to Mission 5, using ratios of

0.6, 0.7, 0.8, 0.9, and 1.0 for Missions 1–5, respectively. This scaling ensures that the time

budgets span approximately 15 to 25 minutes, aligning with realistic operational constraints

for commercial rotary-wing UAVs in SAR or mapping scenarios.

For instance, while the DJI Matrice 300 RTK UAV has a manufacturer-rated maxi-

mum flight time of up to 55 minutes under ideal conditions [273], actual endurance with

mission-specific payloads and dynamic flight maneuvers is typically limited to 15–25 minutes.

Consequently, Mission 5’s 1500 s (25 minutes) time budget and 360 kJ energy budget serve as

practical upper bounds, with the remaining missions scaled proportionally.

Ebud is calculated based on physical battery specifications and validated empirical UAV

energy consumption models. For example, a typical 6-cell lithium-polymer (Li-Po) battery

with 4500 mAh capacity at 22.2 V nominal voltage stores:

Etotal = 22.2V×4.5Ah×3600s/h = 359kJ. (4.9)
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It is important to note that all missions were simulated within a fixed area of 1000×200

meters with a total of 100 nodes distributed across the environment. As introduced earlier in

Section 4.3, the heatmap for SC 1 is shown in Fig. 4.1. Fig. 4.3 presents the corresponding

heatmap for SC2, illustrating the distribution of reward values used to generate node locations.

The two scenarios differ in node distribution and reward assignments, providing diverse, fair

testing conditions to assess robustness across environments.

All algorithms used identical UAV motion parameters for fair comparison. Forward

speed was fixed at v= 2.0 m/s, typical for monitoring or SAR operations requiring stability and

maneuverability. The rotation rate was set to ω = 60◦/s. Energy consumption was modeled

using empirically validated coefficients: linear travel consumes λ = 0.1164 kJ/m, and turning

effort consumes γ = 0.0173 kJ/degree [262].

4.5.3 RESULTS AND PERFORMANCE ANALYSIS

Tables 4.3 - 4.7 presents a comprehensive summary of the simulation outcomes of

the two scenarios across all missions. Examples of planned paths for two different missions,

SC 1 Missions 2 and 5 and SC 2 Mission 3 represented in Fig. 4.4a, 4.4b, 4.4c, and 4.4d

respectively. Across the five missions in both scenarios, EA-IPP2n consistently respected time

and energy budgets while maintaining the highest total reward collection.

In SC1, EA-IPP2n achieved the highest total rewards in four out of five missions. In

Mission 3, Greedy obtained a slightly higher reward (21.5 vs. 20.4), but it exceeded the

energy budget by 69.7% and incurred 36.5% more turning effort than EA-IPP2n, reducing its

suitability for budget-constrained missions.
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Table 4.3 Performance comparison of algorithms for SC 1 and 2 with Mission 1. Tbud = 900 s, Ebud = 216 KJ. Bold: best,
underline: second best, ∗: exceeded Ebud .

Set of Nodes SC 1 SC 2

Algorithm ACO GA Greedy MCTS HIPP MIPP Ours ACO GA Greedy MCTS HIPP MIPP Ours

Path Length (m) 1339.47 1729.97 1694.60 1729.29 1548.19 1538.72 1599.52 1219.35 1727.98 1694.60 1729.29 1578.87 1538.72 1540.74
Turning Angles (°) 1966.51 2056.93 2553.92 1217.45 1993.16 2052.05 1585.27 2072.14 2087.49 2553.92 1217.45 1753.41 2052.05 2088.48
Completion Time (s) 702.51 899.27 889.86 884.93 807.31 803.56 826.18 644.21 898.78 889.86 884.93 818.66 803.56 805.18
Energy (KJ) 189.94 236.95∗ 241.43∗ 222.35∗ 214.69 214.61 213.61 177.78 237.25∗ 241.43∗ 222.35∗ 214.11 214.61 215.47
Nodes Visited 30 31 38 13 25 33 38 29 38 38 13 34 33 44
Total Rewards 11.10 15.50 14.40 5.70 12.00 12.90 16.90 10.90 17.70 15.20 5.80 17.40 12.50 21.40
Process Time (s) 20.1592 2.6229 0.0015 5.0082 0.0164 0.2384 0.0089 22.012 2.550 0.0013 4.703 0.0362 0.1231 0.0102

Table 4.4 Performance comparison of algorithms for SC 1 and 2 with Mission 2. Tbud = 1050 s, Ebud = 252 KJ. Bold: best,
underline: second best, ∗: exceeded Ebud .

Set of Nodes SC 1 SC 2

Algorithm ACO GA Greedy MCTS HIPP MIPP Ours ACO GA Greedy MCTS HIPP MIPP Ours

Path Length (m) 1400.72 2026.98 1956.15 1979.76 1815.71 1764.29 1887.30 1388.18 2012.38 1956.15 1729.29 1819.21 1764.29 1789.48
Turning Angles (°) 1716.42 2159.51 3165.82 1197.71 2267.24 2579.08 1856.35 1867.21 2589.21 3165.82 1217.45 2229.09 2579.08 2459.26
Completion Time (s) 728.97 1049.48 1030.84 1009.84 945.64 925.13 974.59 725.21 1049.34 1030.84 884.93 946.75 925.13 935.73
Energy (KJ) 192.74 273.30∗ 282.46∗ 251.16 250.57 249.98 251.80 193.89 279.03∗ 282.46∗ 222.35 250.32 249.98 250.84
Nodes Visited 30 38 45 12 32 40 45 29 37 45 13 39 40 46
Total Rewards 11.10 20.60 17.70 6.60 15.10 15.30 21.10 10.70 18.80 18.00 5.80 19.90 16.50 23.40
Process Time (s) 22.6274 2.6398 0.0015 5.0114 0.0219 0.2048 0.0101 22.0124 2.7008 0.0016 4.7220 0.0362 0.1647 0.0103
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Table 4.5 Performance comparison of algorithms for SC 1 and 2 with Mission 3. Tbud = 1200 s, Ebud = 288 KJ. Bold: best,
underline: second best, ∗: exceeded Ebud .

Set of Nodes SC 1 SC 2

Algorithm ACO GA Greedy MCTS HIPP MIPP Ours ACO GA Greedy MCTS HIPP MIPP Ours

Path Length (m) 1812.32 2336.11 2264.38 2230.42 2051.23 1995.14 2141.32 1465.55 2306.90 2264.38 2249.03 2064.43 1995.14 2113.67
Turning Angles (°) 2961.06 1911.72 3708.96 1287.19 2732.84 3182.16 2185.93 2061.26 2768.06 3708.96 1353.48 2503.95 3182.16 2405.35
Completion Time (s) 955.51 1199.92 1194.01 1136.66 1071.16 1050.61 1107.09 767.13 1199.58 1194.01 1147.07 1073.95 1050.61 1096.93
Energy (KJ) 262.18 305.00∗ 327.74∗ 281.89 286.04 287.29 287.07 206.25 316.41∗ 327.74∗ 285.20 283.62 287.29 287.64
Nodes Visited 44 35 55 14 37 46 46 31 40 55 14 45 46 52
Total Rewards 16.60 18.30 21.50 6.90 17.90 18.60 20.40 11.40 21.60 22.40 7.20 24.10 18.80 26.10
Process Time (s) 22.7419 2.8962 0.0018 5.9659 0.0220 0.2286 0.0102 24.5504 3.0151 0.0018 5.5705 0.0283 0.1868 0.0135

Table 4.6 Performance comparison of algorithms for SC 1 and 2 with Mission 4. Tbud = 1350 s, Ebud = 324 KJ. Bold: best,
underline: second best, ∗: exceeded Ebud .

Set of Nodes SC 1 SC 2

Algorithm ACO GA Greedy MCTS HIPP MIPP Ours ACO GA Greedy MCTS HIPP MIPP Ours

Path Length (m) 1816.59 2609.19 2393.04 2650.55 2293.30 2243.34 2389.26 1886.01 2560.79 2393.04 2652.07 2299.83 2243.34 2370.44
Turning Angles (°) 2797.38 2722.40 3866.35 1307.43 3073.28 3627.50 2498.10 2884.00 3781.29 3866.35 1307.15 3129.72 3627.50 2701.79
Completion Time (s) 954.92 1349.97 1260.96 1347.06 1197.87 1182.13 1236.26 991.07 1343.42 1260.96 1347.82 1202.08 1182.13 1230.25
Energy (KJ) 259.85 350.81∗ 345.44∗ 331.14∗ 320.11 323.88 321.33 269.42 363.49∗ 345.44∗ 331.31∗ 321.84 323.88 322.66
Nodes Visited 42 42 57 16 42 54 52 43 49 57 16 52 54 59
Total Rewards 16.00 21.40 22.40 7.80 20.50 21.50 24.00 17.20 25.20 23.10 8.00 27.10 22.20 27.50
Process Time (s) 25.6830 3.0491 0.0017 6.7327 0.0289 0.3825 0.0112 24.550 3.3421 0.0018 6.4546 0.0286 0.2149 0.0120
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Table 4.7 Performance comparison of algorithms for SC 1 and 2 with Mission 5. Tbud = 1500 s, Ebud = 360 KJ. Bold: best,
underline: second best, ∗: exceeded Ebud .

Set of Nodes SC 1 SC 2

Algorithm ACO GA Greedy MCTS HIPP MIPP Ours ACO GA Greedy MCTS HIPP MIPP Ours

Path Length (m) 2213.48 2903.27 2841.51 2866.96 2542.40 2503.93 2622.86 2145.53 2870.28 2841.51 2953.76 2552.55 2503.93 2602.54
Turning Angles (°) 3796.19 2874.26 4198.88 1600.06 3529.67 3775.26 2874.63 3600.49 3549.70 4198.88 1204.51 3387.55 3775.26 3185.01
Completion Time (s) 1170.01 1499.54 1490.74 1460.15 1330.03 1314.89 1359.34 1132.77 1494.30 1490.74 1496.95 1332.73 1314.89 1354.35
Energy (KJ) 323.32 387.66∗ 403.39∗ 361.40∗ 357.00 356.77 355.03 312.03 395.51∗ 403.39∗ 364.66∗ 355.72 356.77 358.04
Nodes Visited 57 53 64 17 49 57 64 54 54 64 15 56 57 61
Total Rewards 22.40 26.60 24.40 9.00 24.80 22.30 30.10 21.70 27.70 25.40 8.20 28.40 23.20 28.60
Process Time (s) 27.0884 3.4684 0.0020 7.4058 0.0309 0.2439 0.0130 24.78 3.5796 0.0020 6.1844 0.0362 0.2354 0.0122

Figure 4.3 Heatmap of Scenario 2 (SC 2), illustrating priority levels where warmer colors represent areas of higher importance for
mission planning.
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(a) Scenario 1 Mission 2 (b) Scenario 1 Mission 5

(c) Scenario 2 Mission 1 (d) Scenario 2 Mission 3

Figure 4.4 Planned paths in different scenarios. Higher node reward values are indicated by warmer colors.
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Across the five missions in SC1, EA-IPP2n outperformed HIPP by 14–41%, MIPP by

10–37%, GA by 2–13%, ACO by 34–52%, Greedy by 1–24%, and MCTS by 57–67% in total

rewards. EA-IPP2n consistently adhered to both the energy and time budgets, demonstrating

its effectiveness for constrained UAV missions.

In SC2, EA-IPP2n led in total rewards in all missions, surpassing HIPP by 0.7–23%,

MIPP by 23–71%, GA by 3–25%, ACO by 21–49%, Greedy by 16–41%, and MCTS by

57–77%. While Greedy occasionally achieved rewards close to EA-IPP2n, it exceeded the

energy budget by up to 14% and incurred significantly higher turning effort (up to 70%),

limiting its suitability for budget-constrained missions.

The proposed EA-IPP2n algorithm achieved the highest total rewards across all evalu-

ated scenarios, with a consistent average performance of (24.9 ± 3.6), indicating both high

effectiveness and low variability across the 10 missions. It outperformed all benchmark

algorithms: GA (21.2 ± 4.0), Greedy (19.7 ± 4.2), MIPP (18.8 ± 4.1), HIPP (20.3 ± 5.1),

ACO (13.8 ± 5.0), and MCTS (6.9 ± 1.1) across both evaluated scenarios (10 missions), as

illustrated in Fig. 4.5.

Figure 4.5 Raincloud plot of Total Rewards collected by each algo across missions (SC1 &
SC2).
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Pairwise comparisons confirm meaningful gains: +9.3 over ACO (+66%), +5.7 over

MIPP (+33%), +3.0 over HIPP (+18%), +3.4 over Greedy (+18%), and +2.7 over GA (+11%).

The most substantial improvement was observed over MCTS, with an average gain of +17.8,

representing more than three times the performance. Notably, EA-IPP2n achieved these results

without exceeding energy or time constraints, unlike GA, Greedy, and MCTS, which violated

energy limits in several missions. These findings demonstrate that EA-IPP2n offers superior

reward efficiency, consistent performance, and robust compliance with dual operational

constraints, confirming its effectiveness for energy- and time-constrained UAV missions.

Furthermore, EA-IPP2n maintained high node coverage while respecting budgets. Rela-

tive to MCTS, EA-IPP2n visited ∼3–4 times more nodes across all missions (e.g., Scenario 1,

Mission 1: 38 vs. 13). It also surpassed ACO by 20–60% in most missions (e.g., Scenario 2,

Mission 3: 52 vs. 31), remaining comparable only at the largest budget (Scenario 1, Mission 5:

64 vs. 57). EA-IPP2n visited more nodes in the majority of cases against HIPP, MIPP, and

GA; the main exception was Scenario 1, Mission 4 (Table 4.6), where MIPP reached 54 nodes

versus 52 nodes for EA-IPP2n, yet EA-IPP2n still achieved a higher total reward (24.0 vs. 21.5

for MIPP). Greedy occasionally attained the highest node count, but this coincided with energy

overruns of ≈6–14% and significantly higher turning effort, as seen in the Energy and Turning

Angles columns (e.g., Scenario 1, Mission 3: 327.7 kJ vs. 288 kJ; 3709◦ vs. 2186◦). EA-IPP2n

achieved effective area coverage while fully adhering to the operational budgets, avoiding the

energy excesses and frequent turns exhibited by Greedy.

On the other hand, EA-IPP2n achieved near instantaneous processing times of under

0.015 s across all missions, being more than 2 times faster than HIPP, up to 30 times faster

than MIPP, and several hundred times faster than GA, ACO, and MCTS. While Greedy Search

remained the fastest ( 0.002 s), it consistently violated the energy budget, whereas EA-IPP2n

respected all constraints while still maintaining competitive computational efficiency.
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4.5.4 MISSION PERFORMANCE SCORE

To provide a comprehensive and fair evaluation of all tested algorithms, we designed

a mission performance score (MPS) that consistently integrates heterogeneous metrics. The

score accounts for both benefits (collected rewards) and costs (energy, completion time, and

processing time), while explicitly enforcing mission budgets.

For a given algorithm A in mission m, the score is defined as:

MPS(A,m) = σ Rnorm
A,m +ξ E inv.norm

A,m +δ T inv.norm
A,m + τ PT inv.norm

A,m (4.10)

where:

• Rnorm
A,m is the normalized reward, computed as the ratio of the reward collected by

algorithm A in mission m to the maximum achievable reward in the corresponding

scenario.

• T inv.norm
A,m is the inverted normalized completion time, defined as 1− TA,m

T max
m

, where T max
m is

the mission-specific time budget. Values below the budget contribute positively, while

exceeding the budget yields negative contributions.

• E inv.norm
A,m is the inverted normalized energy consumption, defined as 1− EA,m

Emax
m

, where

Emax
m is the mission-specific energy budget. As with time, exceeding the budget produces

a penalty (negative value).

• PT inv.norm
A is the inverted normalized average processing time of algorithm A in mission

m. It is obtained by linearly mapping average processing times to [0,1] and then inverting

them so that faster algorithms receive higher contributions.
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Normalization ensures that heterogeneous quantities are placed on a comparable scale.

For cost-related terms (energy, time, and processing time), inversion ensures that lower

values translate into higher contributions, i.e., inv.norm = 1−norm. Crucially, when a cost

exceeds its corresponding budget, the normalized value becomes greater than 1, producing a

negative inverted score. This mechanism directly penalizes over-budget or infeasible solutions,

preventing them from appearing competitive due to high rewards alone.

The weighting coefficients are set to σ = 0.4 (reward), ξ = 0.3 (energy consumption),

δ = 0.2 (completion time), and τ = 0.1 (processing time). These values reflect the relative

importance of each factor and ensure that excessive costs cannot be fully compensated by

rewards.

For each mission m, the score is computed independently in SC1 and SC2, and the final

mission-level value is obtained by averaging the two. This procedure yields a robust measure

of performance across different environments. Detailed per-mission results are presented in

Tables 4.8 and 4.9, and the performance score distributions are visualized in Fig. 4.6 across 10

missions (SC1 + SC2).

Table 4.8 Mission-level performance scores for all algorithms in Scenario 1 (SC1). Bold: best,
underline: second best.

Algorithm Mission 1 Mission 2 Mission 3 Mission 4 Mission 5

ACO 0.2056 0.2544 0.2520 0.2941 0.3197
GA 0.2297 0.2852 0.2662 0.2937 0.3492
Greedy 0.2298 0.2657 0.2979 0.3399 0.3319
MCTS 0.1341 0.1564 0.1675 0.1530 0.1765
HIPP 0.2570 0.2881 0.3199 0.3496 0.3939
MIPP 0.2669 0.2957 0.3307 0.3604 0.3702
EA-IPP2n 0.3028 0.3415 0.3363 0.3769 0.4444
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Table 4.9 Mission-level performance scores for all algorithms in Scenario 2 (SC2). Bold: best,
underline: second best.

Algorithm Mission 1 Mission 2 Mission 3 Mission 4 Mission 5

ACO 0.2283 0.2446 0.2776 0.2833 0.3144
GA 0.2429 0.2518 0.2811 0.3133 0.3424
Greedy 0.2300 0.2591 0.2951 0.3347 0.3286
MCTS 0.1320 0.2035 0.1618 0.1505 0.1546
HIPP 0.3006 0.3273 0.3725 0.4017 0.4162
MIPP 0.2560 0.2993 0.3226 0.3557 0.3670
EA-IPP2n 0.3434 0.3646 0.3838 0.3990 0.4126

Figure 4.6 Raincloud plot of algorithm performance across 10 missions in SC1 & SC2.

As shown in Tables 4.8 and 4.9, EA-IPP2n consistently achieves the highest performance

score across 8 out of 10 missions. HIPP and MIPP follow as the closest competitors, with HIPP

slightly outperforming MIPP. GA and Greedy occupy the mid-range, while ACO performs

slightly lower overall. MCTS consistently yields the lowest scores, reflecting limited suitability

for the considered tasks.

On average across all missions and scenarios, EA-IPP2n attains a mean score of 0.380,

compared with 0.343 for HIPP and 0.323 for MIPP. This represents an improvement of

approximately 11% over HIPP and 17.6% over MIPP. Relative to the classical baselines,

EA-IPP2n outperforms GA and Greedy by 35.2% and 31.9%, respectively, while surpassing
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ACO by 41.8%. The weakest competitor, MCTS, averages 0.164, which is 57% lower than

EA-IPP2n.

The raincloud visualization in Fig. 4.6 provides further insight into the distribution of

mission-level scores. EA-IPP2n not only attains the highest median score but also exhibits

relatively low variability, confirming both robust and consistent performance. HIPP and

MIPP show competitive yet more variable outcomes, while GA, Greedy, and ACO form a

mid-performing group. MCTS displays consistently poor and tightly clustered low scores.

4.6 SUMMARY

In this Chapter 4, we presented EA-IPP2n, an Energy-Aware IPP algorithm tailored for

UAV operations in time-critical and resource-limited environments such as SAR missions.

The proposed method introduces a multi-factor cost framework, modeling translational and

rotational energy consumption alongside reward value for more realistic UAV planning. EA-

IPP2n functions as a pre-mission planner, computing the full UAV path prior to deployment

to ensure optimal resource utilization and mission efficiency. By incorporating a two-hop

look-ahead strategy and a reward-normalized cost function, EA-IPP2n effectively balances

energy, time, and information gain during path selection.

Simulations show that EA-IPP2n outperforms established metaheuristic algorithms in

reward collection, turning effort, and constraint satisfaction. Unlike many baseline methods,

EA-IPP2n adheres to both energy and time budgets across all scenarios. The performance score

highlights the effectiveness of EA-IPP2n, which achieved the highest overall value (0.380 ±

0.041 on average, ranging from 0.323 to 0.429 across missions), with relative improvements

between 11% and 57% compared with the other algorithms.
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Furthermore, EA-IPP2n demonstrated complete adherence to both time and energy

budgets across all missions. Although the time budget constraint was uniformly applied

to all algorithms, only the dual-budget formulation of EA-IPP2n, HIPP, and MIPP ensured

full compliance with both constraints. In contrast, Greedy and GA consistently violated the

energy budget, MCTS exceeded it in 40% of missions, and ACO, despite its heuristic nature,

maintained full energy compliance. Overall, EA-IPP2n was the sole algorithm that achieved

complete dual-budget compliance while simultaneously delivering the highest total reward

performance.
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CHAPTER V

VAP & EA-MIPP: V-SHAPE AREA PARTITIONING AND ENERGY-AWARE

MULTI-UAV INFORMATIVE PATH PLANNING WITH NFZ AVOIDANCE

5.1 OVERVIEW

Multi-UAV missions have become essential for addressing large-scale and complex

tasks such as wide-area search and rescue, disaster response, and environmental monitoring.

However, multi-UAV missions come with significant challenges, including risks of collision,

overlapping or redundant trajectories, communication and coordination requirements, and the

need for balanced workload distribution among UAVs.

Within this broader context, Multi-UAV Informative Path Planning (MIPP) has emerged

as a key approach for exploration, mapping, surveillance, and multi-target search. However,

MIPP inherits the coordination complexities of multi-UAV systems, which makes ensuring

efficiency and safety challenging without the support of additional planning strategies. A

widely studied solution is area partitioning, where the mission space is divided among UAVs

to balance workloads and minimize redundancy. Yet, in the case of MIPP, the challenge is

more complex: instead of simply dividing the overall Area of Interest (AOI), the partitioning

must focus on Regions of Interest (ROIs), which may be irregularly distributed or overlapping.

AOI refers to the overall geographical region to be covered by the UAV team, while ROI’s

are specific sub-areas within the AOI that contain high-value information or tasks. Moreover,

practical deployments must also account for NFZ and obstacle avoidance and, adding further

complexity to cooperative mission planning.



To address these challenges, we propose VAP & EA-MIPP, a framework for V-shape

Area Partitioning and Energy-Aware Multi-UAV Informative Path Planning with NFZ Avoid-

ance. The key contributions are summarized as follows:

• VAP: A V-shape partitioning method that allocates Regions of Interest (ROIs) among

UAVs, ensuring balanced workload distribution and minimizing redundant coverage

(overlapping).

• EA-MIPP: An extension of our previous EA-IPP2n (Chapter 4) to a cooperative multi-

UAV setting, incorporating NFZ and 2D static obstacle avoidance (buildings, trees, etc.)

into informative path planning to ensure safe and feasible missions.

The proposed framework provides a scalable, energy-aware solution for cooperative

UAV missions. Multiple UAVs collectively maximize information gain while respecting

mission constraints and maintaining safe operation under real-world conditions

5.2 BACKGROUND

Cooperative coverage and area partitioning for multi-UAV systems have been widely

investigated, motivated by applications in surveillance, reconnaissance, monitoring, and

mapping. Existing research can broadly be categorized into three groups: (i) geometric and

clustering-based partitioning for workload balancing, (ii) optimization-driven coverage path

planning, and (iii) informative area exploration and multi-UAV coordination.

5.2.1 GEOMETRIC AND CLUSTERING-BASED PARTITIONING

Early work emphasized geometric decomposition and distributed coordination to balance

sub-areas. Ann et al. [274] modeled multi-UAV coverage as a Multiple Traveling Salesman
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Problem (MTSP), introducing clustering and graph-cut based allocation to achieve collision-

free partitions. Balampanis et al. [275] employed Constrained Delaunay Triangulation for

partitioning complex coastal regions, accounting for UAV capabilities and field-of-view.

Acevedo et al. [276] proposed a distributed approach based on neighbor-to-neighbor com-

munication, achieving balanced partitions under communication constraints. Xiao et al. [10]

advanced this line of work with power diagrams (weighted Voronoi) to maintain compact

and adaptive subregions in persistent monitoring tasks. While effective for scalability and

robustness, these approaches typically focus on uniform partitioning of the AOI rather than

ROI’s, limiting their applicability in informative missions.

5.2.2 OPTIMIZATION-BASED COVERAGE PLANNING

Optimization methods enhance partitioning quality and coverage efficiency by consider-

ing workload balance, UAV heterogeneity, and energy limitations. Priyadarsini et al. [277]

introduced rectilinear partitioning optimized with Particle Swarm Optimization and Firefly

Algorithms. Chen et al. [278] proposed Weighted Balanced Graph Partitioning (WBGPP),

combining workload balancing with intra-region single-agent coverage path optimization.

Zhang et al. [279] addressed energy-constrained monitoring via a “plan-then-divide” strategy

that integrates team-level orienteering with subregion coverage allocation. Gao et al. [280]

introduced a hierarchical explore–exploit framework for large infrastructure inspection, using

density-guided Voronoi partitioning for exploration followed by TSP-based local inspection

tours. These contributions improve efficiency and workload balancing, particularly in hetero-

geneous or resource-constrained scenarios, yet remain primarily oriented toward complete

coverage rather than ROI-driven informative missions.
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5.2.3 INFORMATIVE AREA EXPLORATION AND ADAPTIVE PARTITIONING

Informative area exploration has become an active research direction, with the objective

of maximizing information gain or reducing uncertainty. Gui et al. [281] proposed a decen-

tralized centroid-based partitioning method coupled with receding-horizon next-best-view

planning for rapid 3D exploration. Cho et al. [48] combined Gaussian-process-based sensing

with wind-aware routing to optimize informative field mapping. Jati et al. [282] extended

informative coverage to heterogeneous UAV–UGV teams for contamination mapping, priori-

tizing regions via weighted Voronoi tessellations. Tian et al. [283] tackled dynamic livestock

monitoring using streaming K-means clustering and reinforcement learning for real-time data

collection.

Orisatoki [258] introduced the Information-theoretic Heuristic Informative Path Plan-

ning (HIPP) algorithm for mapping unknown non-convex environments using occupancy

grid maps and LiDAR-based exploration. HIPP estimates mapping gain heuristically for

frontier cells and employs an ε-greedy strategy to balance exploration and exploitation. To

ensure safe navigation in cluttered maps, HIPP integrates a sampling-based obstacle avoidance

mechanism: whenever a direct path to the next information-rich region is blocked, an RRT*

module generates a collision-free trajectory. However, while robust in exploration and obstacle

avoidance, HIPP does not explicitly consider UAV-specific constraints such as energy con-

sumption, turning costs, or flight dynamics, which limits its applicability in time and energy

critical aerial missions.

These approaches emphasize adaptivity and uncertainty reduction, but many are limited

in addressing strict mission constraints such as energy budgets, NFZs, and heterogeneous

coordination.
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Prior research demonstrates that geometric partitioning ensures scalability, optimization-

based methods improve efficiency and energy balance, and informative frameworks adapt

to uncertainty and dynamic missions. However, most existing solutions focus on AOI-level

partitioning and uniform coverage, often overlooking the explicit handling of ROIs in informa-

tive tasks. Furthermore, NFZ and obstacle avoidance, critical for real-world deployments, are

rarely integrated with informative path planning.

5.3 V-SHAPE AREA PARTITIONING AND MULTI-UAV INFORMATIVE PATH

PLANNING

5.3.1 PROBLEM OVERVIEW

In multi-UAV missions such as SAR, the AOI represents the global mission space

(e.g., a disaster zone). However, not all parts of the AOI are relevant. Instead, responders

prioritize ROIs, which denote areas with higher likelihood of containing survivors, equipment,

or mission-critical information. ROIs may be inferred from heterogeneous sources such as

thermal signatures, mobile phone signals, or object detectors. Focusing on ROIs ensures that

UAV resources are allocated to the most valuable areas rather than uniformly covering the

entire AOI.

At the same time, deploying multiple UAVs introduces coordination challenges: (i)

overlapping or redundant trajectories, (ii) unbalanced workloads, and (iii) safety risks due to

NFZs or static obstacles (e.g., buildings, trees). To address these challenges, we propose a

two-stage approach: 1) V-shape Area Partitioning (VAP) divides the ROI into balanced angular

partitions emanating from the starting point, ensuring balanced workload allocation and spatial

separation of UAV trajectories. 2) Energy-Aware Multi-UAV Informative Path Planning with
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Obstacle and NFZ Avoidance (EA-MIPP) generates efficient, reward-maximizing trajectories

within each partition while respecting energy, time, and safety constraints.

Figure 5.1 illustrates an example of AOI heatmap used as initial mission input.

Figure 5.1 Initial AOI heatmap visualized as spatial importance data for a multi-UAV mission.

5.3.2 ROI DETECTION FROM AOI

The AOI heatmap I(x,y) encodes spatial importance, derived from semantic, thermal,

or communication signals. In this work, ROIs are extracted using the Ultralytics YOLO11

detector [284]. For controlled experiments, a color-based HSV mask serves as a deterministic

baseline.

Each detection by YOLO is represented as a tuple

di = (bi,ci,si), (5.1)
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where bi is the bounding box, ci is the predicted class, and si is the confidence score. Not

all pixels within bi are ROI pixels. To identify only the relevant pixels within each detection

bi, we define a binary mask Mi(x,y) ∈ {0,1} where pixels belonging to the ROI are marked

with 1 and others with 0. The final ROI mask is obtained by performing a pixel-wise logical

OR across all detections:

M(x,y) =
Ndt∨
i=1

Mi(x,y), (5.2)

where Ndt is the total number of detections, and each mask Mi(x,y) is defined as:

Mi(x,y) =


1, if pixel (x,y) belongs to the ROI of detection i,

0, otherwise.

The set of all ROI pixels is defined as:

ΩROI = {(x,y) ∈Ω |M(x,y) = 1}, (5.3)

where Ω denotes the global area of interest (AOI), and ΩROI ⊆ Ω contains the pixels

identified as part of any ROI.

The total area covered by all detected ROIs is given by A(ROI)tot which represents the

cumulative area of all detected regions of interest.:

A(ROI)tot =
∫∫

Ω

M(x,y)dxdy =
∫∫

ΩROI

1dxdy, (5.4)
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Figure 5.2 shows detected ROIs in a sample AOI heatmap, highlighting the refinement

of the initial mission space into meaningful regions.

In a cooperative mission, it is essential to distribute the detected ROIs fairly among

UAVs to prevent redundant coverage and ensure a balanced workload. To achieve this, we

introduce a partitioning strategy that divides AOI in a way that ensures each UAV is assigned a

region containing an approximately equal share of the total ROI area. This allows for balanced

workload distribution across UAVs.

Figure 5.2 Detected ROIs (red) within the AOI heatmap using YOLO11 detections combined
with binary mask segmentation.

5.3.3 V-SHAPE EQUAL-AREA PARTITIONING

This step divides the AOI into balanced angular subregions, one for each UAV. Unlike

simple geometric division, the partitioning is guided by the ROI distribution within the AOI,
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ensuring that UAV workloads are balanced according to the actual importance of detected

regions. In other words, the ROI distribution determines how the AOI is partitioned.

PARTITION CONCEPT

Let U = {u1, . . . ,um} denote the UAV team, and let n0 = (x0,y0) be their common

starting point. The environment is modeled as a graph whose nodes represent locations of

interest, each associated with a reward value (as described in Chapter 4). Each point (x,y) in

the AOI is represented in polar coordinates relative to n0 as:

θ(x,y) = atan2(y− y0, x− x0), θ ∈ (−π,π]. (5.5)

Here, θ(x,y) is the angular direction of (x,y) with respect to the UAV start point.

Each detected ROI contributes a workload proportional to its area. Formally, we denote

this by wROI(x,y), which in the current implementation equals the ROI’s pixel area. The

weighted area of the j-th partition is then given by:

A j(Φ) =
∫∫

Ω j(Φ)
wROI(x,y)dxdy, (5.6)

where Φ = {φ1, . . . ,φm−1} denotes the set of angular cut boundaries that divide the AOI

into m V-shaped sectors. Here, wROI(x,y) ∈ [0,1] generalizes the binary ROI mask M(x,y) by

assigning continuous importance values, with

wROI(x,y) = I(x,y) ·M(x,y),
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where I(x,y) is the AOI heatmap intensity and M(x,y) is the ROI membership mask. Then the

total weighted area is:

A(ROI)tot =
m

∑
j=1

A j(Φ)

If all weights are equal, i.e., wROI(x,y)= 1, the formulation reduces to a purely geometric

division. When ROI areas are considered, the effective workload of each partition is measured

as the cumulative sum of ROI contributions. Let the detected ROIs be indexed in ascending

order of angle as (x1,y1),(x2,y2), . . . ,(xN ,yN). The cumulative workload after traversing the

first l ROIs is defined as
C(l) =

l

∑
i=1

wROI(xi,yi), (5.7)

where ROIs are processed in order of increasing polar angle θ .

Thus, UAVs are assigned angular partitions such that each one is responsible for approx-

imately the same fraction of the total workload:

Atarget =
A(ROI)tot

m
. (5.8)

ROI-GUIDED PARTITIONING OF THE AOI

The algorithm uses the ROI distribution to determine where to place the angular cut

boundaries. The procedure is as follows:

• Compute the polar angle θ(x,y) for all ROI centroids relative to the starting point n0.

• Sort all ROI points in ascending order of θ (clockwise around n0).

• Accumulate the ROI areas wROI(x,y) as the ROIs are traversed.
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• Whenever the cumulative workload first exceeds the next threshold value Atarget, 2Atarget,

3Atarget, . . . , insert a new boundary angle φ j between the previous and current ROI points.

• If the ROI distribution is too sparse or uneven to define all cuts, add evenly spaced

fallback angles to ensure complete 360◦ coverage.

This approach ensures that the AOI is divided directly according to the ROI distribution.

Each angular sector is defined as:

Ω j(Φ) = {(x,y) ∈ΩAOI | φ j−1 < θ(x,y)≤ φ j}, j = 1, . . . ,m, (5.9)

with boundary conditions φ0 =−π and φm = π .

BALANCED WORKLOAD OBJECTIVE

To ensure equitable workload among UAVs, the algorithm minimizes the variance of

weighted ROI areas across all partitions:

min
Φ

Jarea(Φ) =
m

∑
j=1

(
A j(Φ)− A(ROI)tot

m

)2

, (5.10)

Minimizing Jarea(Φ) ensures that each UAV receives a partition containing approxi-

mately the same workload, achieving balanced collaboration and efficient coverage.

Algorithm 5.1 summarizes the procedure, while Figure 5.3 shows an example partition-

ing for m = 3 UAVs.
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Input: ROI points (x,y) with weights wROI(x,y), UAV start point n0, number of
UAVs m

Output: Cut angles Φ = {φ1, . . . ,φm−1} and partitions Ω j(Φ)
1 Compute polar angle θ(x,y) for all ROI points using Eq. (5.5).
2 Sort ROI points in ascending order of θ(x,y).
3 Compute total weighted area A(ROI)tot and per-UAV target Atarget = A(ROI)tot/m.
4 Initialize cumulative weighted area C = 0, threshold T = Atarget, and set Φ = /0.
5 foreach ROI point (θ ,wROI) in sorted order do
6 Update C←C+wROI.
7 if C ≥ T and |Φ|< m−1 then
8 Insert cut angle φ midway between the previous and current θ .
9 Update T ← T +Atarget.

10 end
11 end
12 if |Φ|< m−1 then
13 Add evenly spaced fallback cuts until |Φ|= m−1.
14 end
15 Set φ0 =−π and φm = π .
16 Assign each AOI point to a partition as defined in Eq. (5.9).

Algorithm 5.1: V-shape Equal-Area Partitioning

5.3.4 EA-MIPP: ENERGY-AWARE MULTI-UAV INFORMATIVE PATH PLANNING

After partitioning, each UAV u j operates within its assigned partition Ω j. Path planning

in each partition is formulated as a localized Orienteering Problem, where the objective is to

maximize the accumulated reward R under both time and energy constraints (Chapter 4.3):

max
p j

R(p j) s.t. T (p j)≤ Tbud, E(p j)≤ Ebud.

Nodes located inside obstacles or NFZs are removed, and edges intersecting such regions are

pruned. Each UAV then executes an energy-aware two-step lookahead search adapted from

EA-IPP2n (Sec. 4.4). At each expansion, candidate transitions (i→ j→k) are evaluated by

combining normalized time (NT ), energy (NE), and average reward (r̄k j) through the cost
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Figure 5.3 Example of V-shape partitioning into 3 UAV sectors with balanced ROI-based
workload allocation.

function

Ck j = αNT +αNE +β (1− r̄k j) (Eq. 4.8).

The planner selects the transition that maximizes the expected reward gain while maintaining

feasibility within the time and energy budgets (Tbud,Ebud). The process iteratively expands

the most promising sequence of nodes until no feasible extension remains, thus producing an

energy- and reward-optimal path within each partition.

This approach effectively extends EA-IPP2n to multi-UAV coordination by running the

planning process independently within each partition Ω j obtained from the V-shape Equal-

Area Partitioning (VAP). Figure 5.4 illustrates representative paths obtained for three UAVs

using EA-MIPP within the partitioned AOI.
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Figure 5.4 EA-MIPP applied within each partitioned area for a 3-UAV mission.

5.4 EVALUATION AND RESULTS

The effectiveness of the proposed VAP-MIPP framework was assessed through five

multi-UAV missions, each executed with three UAVs operating under identical motion pa-

rameters. Mission budgets were progressively increased, ranging from Tbud = 900 s and

Ebud = 216 kJ in Mission 1 to Tbud = 1500 s and Ebud = 360 kJ in Mission 5. The budgets

were scaled proportionally to Mission 5 using factors of 0.6, 0.7, 0.8, 0.9, and 1.0, respectively,

corresponding to endurance windows of 15–25 minutes. These settings reflect the capabilities

of rotary-wing UAVs typically employed in SAR and mapping missions. For instance, a

six-cell Li-Po battery with 4500 mAh capacity at 22.2 V stores approximately 359 kJ:

Etotal = 22.2V×4.5Ah×3600s/h≈ 359kJ. (5.11)
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Hence, Mission 5 represents a realistic upper bound, while Missions 1–4 emulate

increasingly constrained operational conditions. All simulations were conducted on Ubuntu

20.04, running on an Intel i7-6700HQ CPU, 16 GB RAM, and an NVIDIA GTX 965M GPU.

All missions were simulated within a fixed 1000× 600 m environment containing

350 distributed nodes, as shown in Fig. 5.1. UAV forward speed was set to v = 2.0 m/s to

balance stability and maneuverability, while rotation rate was fixed at ω = 60◦/s. The energy

consumption per unit distance, λ = 0.1164 kJ/m, and per degree γ = 0.0173 kJ/degree [262].

For fair comparison, the AOI was partitioned using VAP in all experiments, and two

path planning approaches were tested: EA-MIPP (our method) and HIPP (baseline [258]).

Both planners were evaluated under the same dual-constraint model accounting for time and

energy consumption. To ensure fairness, HIPP was extended to explicitly respect the energy

budget. Results for Missions 1–5 are summarized in Tables 5.1–5.5.

Table 5.1 Performance comparison of VAP & MIPP and HIPP for Mission 1 (multi-UAV case
with 3 UAVs).Tbud = 900s and Ebud = 216kJ.

Algorithm Metrics UAV 1 UAV 2 UAV 3 Total

EA-MIPP

Path Length (m) 1537.39 1517.15 1565.98 4620.52
Turning Angles (°) 1917.59 2067.46 1845.16 5830.21
Completion Time (s) 800.65 793.03 813.74 2407.42
Energy Consumption (kJ) 212.13 212.36 214.20 638.69
Visited Nodes 39 41 41 121
Total Rewards 12.20 14.12 17.70 44.02

Process Time (s) 0.9197

HIPP

Path Length (m) 1675.32 1675.18 1682.20 5032.70
Turning Angles (°) 1036.91 1074.57 931.97 3043.45
Completion Time (s) 854.94 855.50 856.63 2567.07
Energy Consumption (kJ) 212.95 213.58 211.93 638.46
Visited Nodes 38 37 37 112
Total Rewards 13.70 12.20 13.60 39.50

Process Time (s) 1.1777
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Table 5.2 Performance comparison of VAP & EA-MIPP and HIPP for Mission 2 (multi-UAV
case with 3 UAVs). Tbud = 1050s and Ebud = 252kJ.

Algorithm Metrics UAV 1 UAV 2 UAV 3 Total

EA-MIPP

Path Length (m) 1714.86 1748.33 1790.48 5253.67
Turning Angles (°) 2139.13 2237.94 2501.51 6878.58
Completion Time (s) 893.08 911.46 936.93 2741.47
Energy Consumption (kJ) 236.62 242.22 251.69 730.53
Visited Nodes 43 47 47 137
Total Rewards 13.40 17.42 21.40 52.22

Process Time (s) 1.0411

HIPP

Path Length (m) 1968.53 1975.12 1972.57 5916.22
Turning Angles (°) 1164.98 1203.10 1156.95 3525.03
Completion Time (s) 1003.68 1007.61 1005.57 3016.86
Energy Consumption (kJ) 249.29 250.72 249.62 749.63
Visited Nodes 45 43 43 131
Total Rewards 15.20 14.70 16.00 45.90

Process Time (s) 1.3707

Table 5.3 Performance comparison of VAP & EA-MIPP and HIPP for Mission 3 (multi-UAV
case with 3 UAVs). Tbud = 1200s and Ebud = 288kJ.

Algorithm Metrics UAV 1 UAV 2 UAV 3 Total

EA-MIPP

Path Length (m) 2071.23 1999.67 2023.11 6094.01
Turning Angles (°) 2395.56 2737.53 2818.89 7951.98
Completion Time (s) 1075.54 1045.46 1058.54 3179.54
Energy Consumption (kJ) 282.53 280.12 284.26 846.91
Visited Nodes 49 53 53 155
Total Rewards 15.12 24.72 23.40 63.24

Process Time (s) 1.1473

HIPP

Path Length (m) 2266.11 2253.35 2244.25 6763.71
Turning Angles (°) 1357.51 1466.44 1450.19 4274.14
Completion Time (s) 1155.68 1151.12 1146.29 3453.09
Energy Consumption (kJ) 287.26 287.66 286.32 861.24
Visited Nodes 51 50 49 150
Total Rewards 17.60 16.90 18.50 53.00

Process Time (s) 1.5072
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Table 5.4 Performance comparison of VAP & EA-MIPP and HIPP for Mission 4 (multi-UAV
case with 3 UAVs). Tbud = 1350 s, Ebud = 324 KJ.

Algorithm Metrics UAV 1 UAV 2 UAV 3 Total

EA-MIPP

Path Length (m) 2312.45 2321.54 2326.57 6960.56
Turning Angles (°) 3133.34 2924.25 3021.05 9078.64
Completion Time (s) 1208.44 1209.51 1213.63 3631.58
Energy Consumption (KJ) 323.38 320.82 323.08 967.28
Visited Nodes 59 59 59 177
Total Rewards 23.20 26.22 25.90 75.32

Process Time (s) 1.2843

HIPP

Path Length (m) 2518.96 2531.55 2532.66 7583.17
Turning Angles (°) 1445.66 1575.33 1674.37 4695.36
Completion Time (s) 1283.57 1292.03 1294.23 3869.83
Energy Consumption (KJ) 318.22 321.93 323.77 963.92
Visited Nodes 56 55 55 166
Total Rewards 18.40 18.80 21.30 58.50

Process Time (s) 1.6829

Table 5.5 Performance comparison of VAP & EA-MIPP and HIPP for Mission 5 (multi-UAV
case with 3 UAVs). Tbud = 1500 s, Ebud = 360 KJ.

Algorithm Metrics UAV 1 UAV 2 UAV 3 Total

EA-MIPP

Path Length (m) 2540.48 2583.90 2629.04 7753.42
Turning Angles (°) 3120.95 3365.92 3093.38 9580.25
Completion Time (s) 1322.25 1348.05 1366.08 4036.38
Energy Consumption (KJ) 349.70 359.00 359.54 1068.24
Visited Nodes 65 65 63 193
Total Rewards 26.82 28.02 28.45 83.29

Process Time (s) 1.3420

HIPP

Path Length (m) 2812.73 2804.68 2806.71 8424.12
Turning Angles (°) 1716.84 1725.52 1911.35 5353.71
Completion Time (s) 1434.98 1431.10 1435.21 4301.29
Energy Consumption (KJ) 357.10 356.32 359.77 1073.19
Visited Nodes 62 61 60 183
Total Rewards 20.50 21.30 23.75 65.55

Process Time (s) 1.7241

Across all missions, VAP with EA-MIPP consistently outperformed VAP with HIPP in

reward collection and node coverage. Specifically, our method achieved 11–27% higher total

rewards, with the advantage becoming more pronounced as mission budgets increased. For
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instance, in Mission 5, VAP with EA-MIPP visited 193 nodes compared to 183 by VAP with

HIPP, yielding a total reward of 83.29 versus 65.55.

While EA-MIPP produced longer paths and higher cumulative turning angles, these ad-

ditional maneuvers translated into greater mission utility without violating the dual constraints.

Both methods respected time and energy limits, but EA-MIPP consistently required less

computation time, reducing process time by 20–30% compared to HIPP. This demonstrates

that the added optimization in EA-MIPP incurs no computational overhead.

Figures 5.5–5.8 represents a sample of the planned paths by EA-MIPP and HIPP in

missions 3 and 5.

Figure 5.5 EA-MIPP in a 3-UAVs Mission 3.
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Figure 5.6 HIPP in a 3-UAVs Mission 3.

Figure 5.7 EA-MIPP in a 3-UAVs Mission 5.
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Figure 5.8 HIPP in a 3-UAVs Mission 5.

The evaluation results shows that VAP with EA-MIPP achieves higher rewards, improved

node coverage, and shorter planning times than VAP with HIPP while fully respecting dual

time-energy constraints. The gains scale with mission size, confirming the robustness of

the proposed framework in increasingly demanding multi-UAV operations. This underlines

the importance of combining energy-aware planning with VAP-based spatial partitioning for

effective coordination of multiple UAVs.

5.5 SUMMARY

In this work, we presented VAP & EA-MIPP, a cooperative framework that extends our

previous single-UAV algorithm EA-IPP2n to multi-UAV missions. The proposed approach

combines V-shape Area Partitioning with Energy-Aware Multi-UAV Informative Path Planning

to address the challenges of redundant coverage, unbalanced workloads, and strict mission

constraints. VAP ensures fair and non-overlapping partition allocation of Regions of Interest,
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while EA-MIPP inherits the two-step lookahead mechanism and multi-factor cost model

of EA-IPP2n, it extends the framework to cooperative multi-UAV missions by integrating

V-shape partitioning and explicitly handling 2D static obstacles and NFZs. This enables safe,

efficient, and balanced trajectory planning under strict time and energy constraints.

Simulation results across five missions confirmed that VAP & EA-MIPP outperforms

the baseline HIPP in reward collection, node coverage, and computational efficiency, all while

respecting mission constraints. The improvements scaled with mission size, underscoring the

robustness and scalability of the proposed framework.

117



CHAPTER VI

EMERGENCY SAFE LANDING SYSTEM (ESLS)

6.1 OVERVIEW

During any mission UAV may face unpredictable circumstances such as communication

loss, GPS failure, or other malfunctions, necessitating automated emergency landings [285].

Selecting a safe landing zone is critical.

Emergency landing in GPS-denied or unknown terrains remains challenging. Existing

methods often rely on controlled environments with predefined landing pads or fiducial markers

[12, 13, 14], static maps [286, 287], or external detection systems [288, 289, 290], limiting

their applicability in dynamic or unknown settings. Furthermore, many do not consider human

presence or prioritize landing near survivors in search and rescue (SAR) scenarios. Although

Safe Landing Zone (SLZ) detection by Tovanche-Picon et al. [291] shows promise in urban

crowds, it struggles in dense vegetation or mixed obstacle environments.

Our proposed Emergency Safe Landing System (ESLS) addresses these challenges.

It enables real-time detection and avoidance of both static and dynamic obstacles, thereby

improving safety during the final phase of the landing. To accurately detect suitable landing

zone, ESLS integrates YOLO-v5 [292] with a binary occupancy map, and employs an RGB-

D SLAM framework (RTAB-MAP [156]) for 3D environmental mapping and real-time

localization. RTAB-MAP leverages visual-inertial odometry (VIO) by fusing data from the

onboard IMU and RGB-D camera, ensuring accurate position estimation throughout the

landing process. This setup allows the UAV to safely navigate and land in GPS-denied,

unknown, and dynamically changing environments such as disaster zones, forests, and dense

urban areas. ESLS operates in two distinct modes to enable safe landing zone detection:



• Emergency Safe Landing Zone Detection (ESLZD) mode: the UAV scans its surround-

ings to identify an obstacle-free landing zone (Section 6.3.1).

• ESLZD-SAR mode: the UAV prioritizes landing near detected survivor by analyzing

YOLOv5 bounding boxes (Section 6.3.2).

Once a safe landing zone is detected, the UAV initiates the descent path. RTAB-Map

leverages 3D point cloud data and VIO-based odometry to continuously adjust the descent

path in real-time, allowing the UAV to autonomously avoid dynamic and static obstacles,

minimize obstacle avoidance path energy cost, and land safely without relying on a predefined

landing pad.

6.2 BACKGROUND

Various systems have been developed to detect safe landing zones and avoid obstacles

using different sensing and processing techniques. Obstacles can enter the UAV’s flight path

and cause damage or failure to land. These can be either static (e.g., trees, buildings) or

dynamic (e.g., other UAVs, birds) [53, 42], with dynamic ones posing greater challenges due

to their unpredictable movement and speed [2].

Different prior works have addressed autonomous landing through vision-based systems,

often relying on predefined markers or structured environments. Marker-based strategies, such

as those by Guo et al.[12] and Wang et al.[286], use AprilTags or ArUco markers with VIO

and gradient-based planners for precise landings on static or moving vehicles. These systems

achieve high accuracy under controlled conditions but are limited by their dependence on

structured markers and known geometries.
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Rodriguez-Ramos et al.[288] apply deep reinforcement learning to guide UAVs toward

moving robots, while Falanga et al.[289] use multi-modal fusion with LiDAR and vision for

real-time pose estimation. Keipour et al. [14] leverage visual servoing to land on vehicles

marked with X-shaped pads. While these approaches improve robustness to motion, they rely

on external obstacle avoidance algorithms and often lack generalized obstacle modeling.

Semantic understanding has also been explored for autonomous landing. Guerin et

al.[287] use semantic segmentation and Bayesian reasoning to identify landing sites in urban

areas following SORA guidelines, though assuming static scenes without dynamic obstacle

avoidance.

Tullu et al.[290] and Lee et al.[293] apply optical flow, LiDAR, and laser guidance

in GPS-denied environments, but face challenges in energy use and computational load.

Tovanche-Picon et al.[291] introduce a deep learning framework that uses crowd density

maps and Kalman filtering to detect people-free zones in urban settings. While effective

with dynamic pedestrians, it does not address aerial obstacles and lacks validation in fully

autonomous or safety-critical missions.

In contrast, our proposed ESLS system is designed for real-time onboard deployment on

both general and SAR-specific missions. It supports safe landings in dynamic environments

with static and dynamic obstacles including ariel obstacles. Table 6.1 provides a summary

of representative approaches based on their sensing modes, landing strategies, and obstacle

avoidance capabilities.
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Table 6.1 Comparison of Safe Landing Zone Detection Methods

Approach Sensing & Processing Landing Zone Detection Avoided Obstacle
Types

Marker-Based Landing
Guo et al. [12] GPS, Vision Sensors AprilTag-based landing on mov-

ing platform
Static (trees, build-
ings)

Saavedra-Ruiz
et al. [13]

Monocular Camera, IBVS,
Kalman Filter

Tracks predefined landing pad N/A

Keipour et al.
[14]

Monocular Camera, Vi-
sual Servoing

Detects X-marked pad on mov-
ing vehicle

Static & Dynamic
(DJI system)

Wang et al.
[286]

ArUco markers, Gradient
Planner, VIO, Depth Cam-
era

ArUco-based pose estimation Static (EGO Plan-
ner [294])

Semantic Urban-Focused
Guerin et al.
[287]

Semantic Segmentation,
Bayesian Monitoring

Urban terrain classification Urban (buildings,
roads)

Learning/Vision-Based
Rodriguez et al.
[288]

Deep Reinforcement
Learning

Lands on a moving robot Static & Dynamic
(external system
[295])

Falanga et al.
[289]

LiDAR + Vision Fusion Tag-based landing with motion
estimation

Static & Dynamic
(external system
[296])

Tullu et al.
[290]

LiDAR, 2-axis gimbal Optical flow-based tracking Static & Dynamic

Tovanche-Picon
et al. [291]

RGB Camera, DNN,
Kalman Filter

Crowd-aware detection using oc-
cupancy map

Static & Dynamic
(including people)

Lee et al. [293] Optical Flow, Laser Guid-
ance

Optical flow + laser terrain anal-
ysis

Static terrain

Proposed System
ESLS RGB-D, IMU, YOLO-v5,

VIO, RTAB-MAP
ESLZD and ESLZD-SAR using
YOLO + occupancy map

Static & Dynamic
(trees, vehicles,
aerial objects, etc.)

6.3 EMERGENCY SAFE LANDING SYSTEM (ESLS)

The UAV begins its mission by scanning the area searching for a suitable landing zone.

Based on mission requirements, it identifies an obstacle-free landing zone using either ESLZD
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or ESLZD-SAR. After that the UAV transitions over the detected landing zone area and begins

its descent. The descent path is dynamically adjusted using both 3D point cloud data and

odometry information from RTAB-MAP, enabling real-time obstacle detection, avoidance, and

accurate localization. The ESLS system follows a modular structure: YOLOv5 is used during

the detection phase, while RTAB-Map and VIO are activated during descent for mapping and

navigation. This ensures safe navigation through unpredictable environments by avoiding both

static and dynamic obstacles. The ESLS flowchart is illustrated in Figure 6.1 and visualized in

Figure 6.2.

Figure 6.1 Emergency Safe Landing System Flowchart.
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(a) Scanned area (b) Landing zone detection

(c) Relocating UAV over landing zone (d) Descent path planning with obstacle
detection and avoidance

Figure 6.2 Emergency Safe Landing System Overview.

6.3.1 EMERGENCY SAFE LANDING ZONE DETECTION (ESLZD)

The Emergency Safe Landing Zone Detection (ESLZD) algorithm identifies suitable

landing zones in real time by integrating object detection, image-based obstacle masking,

color filtering, and geometric safety analysis based on distance transforms. It is designed

to operate during emergencies by analyzing the UAV’s downward-facing camera feed and

detecting obstacle-free zones that satisfy predefined safety constraints.
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The ESLZD algorithm 6.1, begins by acquiring an RGB image from the UAV’s camera

and converting it to grayscale. A binary occupancy map O ∈ {0,1}W×H is then generated

by applying an intensity threshold to highlight obstacle regions. In this map, O(x,y) = 1

denotes free space, while O(x,y) = 0 denotes obstacles. Additionally, obstacles detected by

YOLO-v5 are included by masking the bounding boxes B. Each bounding box b ∈B is

marked obstacles in the binary map. The binary map with bounding boxes and selected safe

landing zone is illustrated in Figure 6.3.

Figure 6.3 ESLZD binary occupancy map.

To eliminate hazardous terrain such as water surfaces or glossy materials that may appear

safe in grayscale, color filtering is applied to remove red- or blue-dominant regions, which are

often associated with unsafe or non-solid surfaces.

Once the binary map is generated, the algorithm computes the Euclidean distance Eq.2.3

transform D(x,y) over the map:

D(x,y) = min
(x′,y′)

O(x′,y′)=0

√
(x− x′)2 +(y− y′)2
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This transformation assigns to each pixel the shortest distance to the nearest obstacle. A

square region of interest (ROI), R ⊂ O, is defined around the center of the image, correspond-

ing to the vertical projection of the UAV’s position. The search for a landing zone is restricted

to this ROI to ensure efficiency and to prioritize closest landing zone. The corresponding

distance transform visualization in Figure 6.4 highlights safety contours using color gradients,

where warmer tones represent higher clearance from surrounding obstacles.

Figure 6.4 Distance transform visualization of ROI. Where warmer colors indicate pixels
farther from obstacles.

The goal is to find the point (x∗,y∗) ∈R that is maximally distant from all obstacles:

(x∗,y∗) = arg max
(x,y)∈R

D(x,y)

This optimal point must satisfy two constraints to be considered a valid landing zone.

First, the available free space radius must meet or exceed a minimum safety threshold rsafe ≥

3rUAV, where rUAV is the UAV’s physical radius:

D(x∗,y∗)≥ rsafe
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Second, the point must not lie within any bounding box associated with a detected

object:

(x∗,y∗) /∈
⋃

b∈B
b

If these conditions are met, the point is selected as the landing zone. Otherwise, the

process continues until a valid zone is identified. Figure 6.5 shows a real-time snapshot of the

ESLZD algorithm’s visualized output.

Figure 6.5 ESLZD output: green circle marks landing zone; colored boxes indicate aerial
obstacles (e.g., birds, UAVs)

6.3.2 ESLZD-SAR IN THE PRESENCE OF A SURVIVOR

The ESLZD-SAR mode extends the ESLZD algorithm to prioritize landing near a

detected survivor for SAR operations. YOLO-v5 identifies the survivor and provides bounding

box coordinates, which define a focused Region of Interest (ROI) centered on the survivor.
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Input: RGB image, YOLO-v5 bounding boxes
Output: Safe landing zone center coordinates

1 Initialize
2 Safe zone radius threshold rsafe;
3 ROI parameters;
4 while landing zone not found do
5 Convert image to grayscale and threshold to obtain binary occupancy map O;
6 Mask all YOLO-detected bounding boxes B in O;
7 Apply color filtering to remove red/blue unsafe regions;
8 Define a central ROI R ⊂ O;
9 Compute Euclidean distance transform D(x,y) over R;

10 Find (x∗,y∗) = argmax(x,y)∈R D(x,y);
11 if D(x∗,y∗)≥ rsafe and (x∗,y∗) /∈

⋃
b∈B b then

12 Mark landing zone as found;
13 Publish (x∗,y∗) as landing coordinates;
14 end
15 else
16 Continue image processing;
17 end
18 end

Algorithm 6.1: Emergency Safe Landing Zone Detection (ESLZD)

Within this ROI, a binary occupancy map is constructed—excluding obstacles and the survivor

bounding box itself—to isolate safe areas for descent. A Euclidean distance transform is

then applied to the localized ROI (see Figures 6.6a and 6.6b), identifying the point furthest

from any nearby obstacles as the safest potential landing zone. Once a valid landing zone is

detected, the UAV proceeds to land near the survivor to initiate communication (via speaker or

microphone), deliver emergency supplies, or await rescue teams all while minimizing energy

consumption.
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(a) ESLZD-SAR output showing proximity to
the detected survivor.

(b) Binary occupancy map with
YOLOv5-detected survivor highlighted (red

box).

Figure 6.6 ESLZD-SAR visual results.

6.3.3 TRANSFORMATION TO REAL-WORLD COORDINATES

COORDINATE CONVERSION

To relocate the UAV to its next position above the landing zone, the coordinates of

the detected landing zone in the YOLO image frame must be converted to the real world

coordinates relative to the position of the UAV. This transformation accounts for the UAV’s

altitude and camera’s FOV. In Figure 6.7 the YOLO image (rectangle BCDE) represents the

area captured by the UAV’s downward-facing camera. The image resolution is 640× 480

pixels.

The center of the YOLO image frame is denoted as M, which represents the projection

of the UAV’s position A onto the YOLO image. The center of the detected landing zone (green

circle) is denoted by L, and its inverse projection corresponds to the next UAV position N. The
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Figure 6.7 YOLO scanned area dimensions in 3D view.

dimensions of the scanned area (BCDE) depend on the camera’s FOV and the UAV’s altitude

h (h = AM).

FIELD OF VIEW CALCULATIONS

The horizontal FOV is given φh = 62◦. Converting it to radians:

φh =
62◦ ·π

180
(6.1)

The vertical FOV is calculated based on the image aspect ratio:

φv = 2 · arctan
(

tan
(

φh

2

)
· h

w

)
(6.2)
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The real-world dimensions of the YOLO image frame at altitude h are:

W = 2 ·h · tan
(

φh

2

)
, H = 2 ·h · tan

(
φv

2

)
(6.3)

PIXEL-TO-WORLD MAPPING

Each pixel in the YOLO image corresponds to a real-world coordinate displacement

relative to the center of the frame (the UAV’s projected position). The image center coordinates

M(uM,vM) are:

uM =
w
2
, vM =

h
2

(6.4)

For a detected target at pixel position L(uL,vL), the displacement in pixel coordinates is:

∆u = uL−uM, ∆v = vL− vM (6.5)

These displacements are converted into real-world distances (∆x,∆y) using the following

relationships:

∆x =
∆u
w
×W, ∆y =

∆v
h
×H (6.6)

Thus, the real-world coordinates of the next UAV position N relative to the UAV’s current

position A in the XY plane are:

xN = xA +∆x, yN = yA +∆y (6.7)
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This transformation accurately localizes the detected landing zone in real-world coordi-

nates, enabling precise UAV navigation toward the target point.

6.3.4 REAL-TIME DESCENT & OBSTACLE AVOIDANCE

The UAV performs a real-time descent toward the ground using VIO for localization and

RTAB-Map’s 3D point cloud for obstacle detection. Each point in the cloud is transformed

into the UAV’s local coordinate frame and evaluated based on its relative position (x,y,z).

If a point falls within a predefined safety threshold in any direction, that zone is marked as

obstructed. The point cloud is segmented into directional zones relative to the UAV’s body

frame:

DZ = {front,back, left, right,below}.

To ensure safe descent, the UAV follows a waypoint-based strategy: at each iteration, it

analyzes its surroundings, checks for obstacles within a critical proximity (e.g., 0.5m), and

generates a new waypoint accordingly. If no obstacles are detected, it descends; if all lateral

directions are blocked, it ascends slightly to escape the local trap and re-evaluates the environ-

ment. Otherwise, it samples candidate waypoints in cardinal and diagonal directions, evaluates

each based on its total energy cost, and selects the optimal direction. The next waypoint is

computed by offsetting the current position by the direction vector with the lowest energy cost:

d⃗∗ = arg min
d⃗i∈D

Energy(d⃗i),
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The full decision logic for the next waypoint w⃗t+1 is:

w⃗t+1 =


p⃗t +(0,0,−∆z), no obstacles

p⃗t +(0,0,+∆z), fully blocked

p⃗t + d⃗∗, otherwise

where d⃗i represents directional offsets from the UAV’s current position. This real-time

decision model is executed in every control cycle to ensure safe descent while minimizing

energy consumption and maneuvering cost.

If no prior waypoint history is available, the UAV avoids obstacle in any detected

obstacle-free direction. The UAV selects the candidate waypoint with the minimum total

energy cost based on the energy model proposed in [297] Eq.2.7.

Figure 6.8 UAV descent and obstacle avoidance path (cyan waypoints) computed from RTAB-
Map point cloud.

Algorithm 6.2 summarizes the real-time control loop executed during descent.

132



Input: VIO pose, point cloud data, velocity, IMU yaw rate
Output: Waypoint commands for safe descent

1 while UAV has not landed do
2 Process point cloud and classify obstacles by direction;
3 if no obstacles detected then
4 Descend: w⃗t+1← p⃗t +(0,0,−∆zdescent);
5 else
6 if all lateral directions blocked then
7 Ascend: w⃗t+1← p⃗t +(0,0,+∆zascend);
8 else
9 if waypoint history exists then

10 Generate candidate waypoints d⃗i;
11 Compute energy for each d⃗i, select d⃗∗;
12 w⃗t+1← p⃗t + d⃗∗;
13 else
14 Move in clear direction using fixed offset;
15 end
16 Send movement command;
17 end
18 end
19 if UAV altitude < 0.5m then
20 Land;
21 break;
22 end
23 end

Algorithm 6.2: Real-Time Descent Path and Obstacle Avoidance

6.4 SIMULATION & EXPERIMENTAL SETUP

6.4.1 EXPERIMENTAL SETUP

The system was tested in the Gazebo simulator with ArduPilot SITL [298, 299] for

real-time landing zone detection and obstacle avoidance (120 simulation). Simulations ran on

Ubuntu 20.04 with ROS Noetic, using an Intel i7-6700HQ CPU, 16 GB RAM, and Nvidia
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GTX 965M GPU. The Iris quadcopter model, equipped with an RGB-D camera, was controlled

via MAVROS [300] for UAV-simulator communication.

The ESLS system processes RGB-D data at 30 Hz, with the main obstacle-aware descent

loop operating at 2 Hz. ROS-based asynchronous callbacks (e.g., point cloud, IMU) allow

real-time obstacle updates between control steps.

6.4.2 SIMULATION RESULTS

We conducted three sets of evaluations: (1) a comparative analysis against a baseline

method, (2) evaluation of ESLZD, and (3) evaluation of ESLZD-SAR. All tests were conducted

in two representative environments: a static forest with dense obstacles and a mixed static-

dynamic environment containing aerial and ground obstacles.

BASELINE COMPARISON WITH SLZ

Table 6.2 Accuracy and average processing time (Avg PT) of safe landing zone detection using
SLZ [291] and the proposed ESLZD under varying obstacle densities in dynamic and forest
environments.

Scenario Method Metric Low Moderate High

Dynamic
SLZ

Accuracy 96.66% 66.66% 46.67%
Avg PT (s) 0.115 0.124 0.135

ESLZD
Accuracy 100% 100% 96.66%
Avg PT (s) 0.065 0.085 0.099

Forest
SLZ

Accuracy 90.00% 40.00% 16.67%
Avg PT (s) 0.118 0.133 0.148

ESLZD
Accuracy 100% 96.66% 90.00%
Avg PT (s) 0.044 0.057 0.069
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Under moderate density (Figs. 6.9a–b), both detect valid zones, but ESLZD detected a

closer, safer zone. At high density (Figs. 6.9c–d), SLZ fails to find any zone while ESLZD

detected a safe area.

(a) SLZ detect valid zones. (b) ESLZD detected a closer, safer
location.

(c) SLZ failed to detect landing zone. (d) ESLZD detected a safe area.

Figure 6.9 Comparison of SLZ [291] and the proposed ESLZD in two environments. (a–b)
Dynamic scenario (moderate density), (c–d) Forest scenario (high density).

EVALUATION OF ESLS SYSTEM IN ESLZD AND ESLZD-SAR MODES

The ESLS system was evaluated in both ESLZD and ESLZD-SAR modes across forest

and dynamic environments using the following key metrics:
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• Landing Zone Detection Rate, which represents the percentage of successful detections

of a viable landing zone in ESLZD or near the survivor in ESLZD-SAR.

• Landing Success Rate, defined as the percentage of simulations in which the UAV safely

landed without colliding with any static or dynamic obstacles, while maintaining a safe

distance from the survivor in ESLZD-SAR mode.

• Average Path Length, representing the total distance traveled during descent, providing

insight into the efficiency of the landing trajectory; and, for ESLZD-SAR.

• Average Safety Distance, which quantifies the horizontal distance between the UAV and

the survivor after landing (with a minimum required distance of 2 m).

A failure case is defined as any situation where the UAV is unable to detect a safe landing

zone in ESLZD, or near the survivor in ESLZD-SAR. Failures also occur if the UAV lands

closer than the 2 m safety threshold to the survivor in ESLZD-SAR, or if it touches down on

unsuitable surfaces, such as the roof of a vehicle, in either mode.

Figures 6.10 , 6.11 and 6.12 shows a sample of detected landing zones and corresponding

landing paths for ESLZD and ESLZD-SAR, respectively. Table 6.3 summarizes the perfor-

mance of ESLS in both modes across simulation trials conducted in the two environments.

Table 6.3 Performance of ESLS in ESLZD and ESLZD-SAR modes across two scenarios (30
runs per case). Safety distance applies only to ESLZD-SAR.

Metric Forest Dynamic
ESLZD ESLZD-SAR ESLZD ESLZD-SAR

Landing Zone Detection (%) 96.66 96.66 96.66 100.00
Landing Success (%) 93.33 96.66 96.66 96.66
Path Length (m) ± σ 26.75 ± 1.52 27.32 ± 1.80 24.55 ± 1.73 25.64 ± 2.14
Safety Dist. (m) ± σ N/A 2.42 ± 0.28 N/A 2.96 ± 0.35
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(a) UAV identifies landing zone. (b) UAV descends to a safe zone.

(c) Landing zone detection. (d) UAV landing path.

Figure 6.10 UAV landing using ESLZD in two scenarios: Forest and Complex dynamic
environment.

Results show that in the ESLS with ESLZD mode, the UAV detected safe zones with

a success rate exceeding 96% and achieved landing success rates above 93%, successfully

avoiding dense trees (Figs. 6.10a–b) and navigating aerial and ground obstacles (Figs. 6.10c–

d).

In the ESLZD-SAR mode, the UAV prioritized landing near detected survivors while

maintaining safe margins (Figs. 6.11 and 6.12), achieving detection and landing success rates

near 97%, with only minor failures occurring when the UAV landed too close to a survivor or

when no valid nearby landing zone was available.
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(a) Forest environment. (b) UAV detects landing zone beside the
survivor.

(c) UAV lands safely nearby survivor. (d) Landing path.

Figure 6.11 UAV landing using ESLZD-SAR in a Forest environment.

6.4.3 LIMITATIONS

While the ESLS system demonstrates strong performance in both dense and dynamic

environments through simulation, several limitations remain. The current implementation

relies on an RGB-D camera, which may be affected by low-light conditions or reflective

surfaces, potentially impacting landing zone detection accuracy. In the presence of challenging

lighting or occlusions, performance may degrade. Future work will explore the integration of

thermal or low-light cameras to improve robustness in vision-impaired conditions.
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(a) Complex dynamic environment. (b) ESLZD-SAR detection.

(c) UAV navigates aerial and ground
obstacles to land within safe proximity to

the survivor.

(d) Landing path.

Figure 6.12 UAV landing using ESLZD-SAR in a Complex dynamic environment.

6.5 SUMMARY

Chapter 6 presented the the Emergency Safe Landing System (ESLS) for UAVs, featuring

two landing zone detection modes: ESLZD and ESLZD-SAR. The system effectively identifies

safe landing zones in diverse and complex environments, adapting dynamically to obstacles.

Compared to the baseline SLZ algorithm, ESLZD consistently found safer and more efficient

landing zones. It reduced landing path length and time in dynamic environments and succeeded

where SLZ failed in dense forested areas. In ESLZD mode, the UAV navigated safely through

aerial and ground obstacles using a real-time descent planner integrating RTAB-Map 3D
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mapping with VIO for GPS-denied localization. The system continuously evaluates and adapts

the descent path to avoid collisions and conserve energy. In SAR mode, ESLZD-SAR detected

survivors and landed nearby while maintaining safety constraints, achieving high landing

success and proximity metrics in challenging environments. These results demonstrate ESLS’s

robustness and reliability, making it suitable for both standard and SAR UAV missions.
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CHAPTER VII

SYSTEM INTEGRATION AND SIMULATION RESULT

7.1 OVERVIEW

This chapter presents the integration of the pre-mission planner (EA-IPP2n) with the

ESLS and presents representative simulation results for a SAR mission in Gazebo. The

experiment reproduces a SAR scenario in which the UAV follows a pre-mission informative

path, detects a survivor using ESLS in ESLZD-SAR mode, and executes a safe descent and

landing near the survivor while avoiding obstacles. Figures 7.1–7.3 present the simulation

environment, the pre-mission plan, the ESLS outputs, and the planned path execution.

Figure 7.1 Ardupilot - Gazebo environment front view used for pre-mission planning and
ESLS testing.



Figure 7.2 AOI front view with initial responder location and terrain.

Figure 7.3 AOI — top view.
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Figure 7.4 illustrates the overall mission workflow, highlighting the integration between

the pre-mission planner (EA-IPP2n) and the ESLS modules.

Figure 7.4 Flowchart.

7.2 SIMULATION ENVIRONMENT AND SETUP

A simulation experiment was conducted in Gazebo using an ArduPilot SITL setup

[298, 299] on Ubuntu 20.04 with ROS Noetic. The UAV was modeled as an Iris quadrotor

equipped with an RGB-D camera and IMU, and controlled via MAVROS for UAV–simulator

communication [300]. The perception and localization stack included YOLO-v5, RTAB-Map,

and VIO. The experiment was executed on a workstation with an Intel i7-6700HQ CPU, 16 GB

RAM, and an Nvidia GTX 965M GPU.
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The perception pipeline processed RGB-D data at 30 Hz, while the main obstacle-aware

descent loop operated at 2 Hz. ROS-based asynchronous callbacks (e.g., point cloud and IMU

updates) provided real-time obstacle information between control steps, enabling safe landing

trajectories. This experiment demonstrates the integrated operation of EA-IPP2n and ESLS in

a SAR context.

7.3 PRE-MISSION INFORMATIVE PATH PLANNING

The pre-mission planner is an extended implementation of EA-IPP2n that incorporates

obstacle awareness, as discussed in Chapter 5. The initial AOI and the spatial priority heatmap

are shown in Figures 7.1–7.5.

Figure 7.5 Initial heatmap of the AOI representing spatial priority (warmer colors indicate
higher priority). The heatmap was the input used to derive node rewards for EA-IPP2n.
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In this experiment, the AOI covered 180× 120 m in the Gazebo world and was dis-

cretized into 170 candidate nodes for pre-mission planning. The planner generates a global

path over these nodes to maximize the accumulated reward while satisfying both time and

energy constraints. The planned trajectory for this experiment is shown in Figure 7.6. At

mission start (Figure 7.7), the UAV is positioned at an initial altitude of 40 m and immediately

begins following the EA-IPP2n pre-planned path.

Figure 7.6 Pre-mission path produced by EA-IPP2n with obstacle consideration.

7.4 ESLS EXECUTION AND LANDING

During execution, the UAV follows the planned mission path until YOLO detects a

survivor. Once detected, ESLS in ESLZD-SAR mode searches for a safe, obstacle-free landing

zone near the detection site to enable landing close to the survivor. Figure 7.8a illustrates the
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Figure 7.7 Mission start: the UAV begins its mission at an initial altitude of 40 m and follows
the EA-IPP2n trajectory.

binary occupancy representation used by ESLZD-SAR and the YOLO detection; Figure 7.8b

shows the ESLZD-SAR outputs.

(a) Binary occupancy map. (b) ESLZD-SAR detection.

Figure 7.8 ESLS in ESLZD-SAR mode output with detected landing zone (green circle) and
YOLO detection of the survivor (red box).
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The executed mission path including the local descent and avoidance maneuvers is

shown in Figure 7.9. In this run, the planner execution stopped at node 130 when the survivor

was detected, and the ESLS descent routine completed the landing sequence.

Figure 7.9 Executed UAV mission path from start to landing near the survivor, including
EA-IPP2n planning and ESLS-guided descent.

7.5 SIMULATION RESULTS

Table 7.1 reports the primary planning parameters and the mission outcomes recorded

for this experiment. The table separates the planner parameters from the outcome metrics to

improve readability.
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Key observations: The experiment demonstrates the integrated behavior of the pre-mission

planner (EA-IPP2n) and ESLS in a SAR mission. Specifically:

• EA-IPP2n generated a reward-aware path that respects both time and energy constraints

while exploring high-importance areas (Figures 7.5 and 7.6).

• The UAV detected a survivor at node 130, triggering ESLS in ESLZD-SAR mode to iden-

tify a nearby obstacle-free landing zone and plan a safe descent trajectory (Figures 7.8a,

7.8b, and 7.9).

• The executed mission shows the UAV following the EA-IPP2n path and executing a 3D

descent guided by ESLS with obstacle-avoidance waypoints, resulting in a safe landing

while maintaining a ≈ 2.82 m distance from the survivor.

Table 7.1 Mission parameters and summary metrics for the representative SAR run.

UAV Parameter / Mission Metric Value

Pre-mission planner settings:
UAV speed v = 1.0 m/s
Rotational rate (planner) ω = 60.0◦ deg/s
Distance energy coefficient λ = 0.1164 KJ/m
Rotational energy coefficient γ = 0.0173 KJ/deg
Time budget Tbud = 450 s
Energy budget Ebud = 108 KJ

Pre-Misison Planning (EA-IPP2n)
Planned path length 411.79 m
Total turning angles 2080.29◦

Estimated total completion time 446.46 s
Estimated total energy consumption 83.92 KJ
Nodes visited 43
Total rewards 17.53
Planner computation time 0.1071 s

Executed mission:
Traversed path length (including de-
scent)

311.64 m

Execution stop condition Stopped at node 130 (survivor detected)
Safety distance after landing 2.82 m
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Notes. The planner provides path length and associated costs based on the graph representation

employed by EA-IPP2n; the executed (traversed) path length is expressed in metres as recorded

by the simulator after mission termination and includes the local descent and avoidance

segments computed by ESLS. The safety distance after landing is measured horizontally from

the UAV touchdown location to the survivor’s detected position.

7.6 SUMMARY

This chapter demonstrated the integrated operation of the EA-IPP2n pre-mission planner

and the ESLS system in a SAR scenario. The UAV successfully executed a global, reward-

aware path within energy and time budgets, then switched to vision-based safe landing near

a detected survivor. These results highlight the complementary nature of the two modules:

strategic resource-aware exploration and adaptive safe landing. Together, they provide a

complete mission pipeline that connects the contributions of Chapters 4 - 6.
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CHAPTER VIII

CONCLUSION AND FUTURE WORK

8.1 CONCLUSION

UAVs are increasingly used in healthcare, SAR, and emergency response due to their

ability to access hazardous or remote environments. Despite their promise, UAVs face

persistent challenges in energy efficiency, cooperative path planning, and safe emergency

landing.

This thesis addressed these challenges through three core contributions:

• Energy-Aware Informative Path Planning (EA-IPP2n): A single-UAV pre-mission

planner that balances energy consumption, mission duration, and information gain.

By incorporating translational and rotational energy models, a reward-normalized cost

function, and a two-hop look-ahead strategy, EA-IPP2n consistently outperformed six

baseline methods in both reward collection and efficiency under strict time–energy

constraints.

• VAP-EAMIPP: Cooperative Multi-UAV Planning Framework: Building on EA-

IPP2n, VAP-EAMIPP integrates V-shape Area Partitioning (VAP) with an Energy-Aware

Multi-UAV Informative Path Planner (EA-MIPP). VAP allocates Regions of Interest into

balanced angular sectors, minimizing redundant coverage and ensuring fair workload

distribution among UAVs. Within each sector, EA-MIPP inherits the two-step lookahead

mechanism and multi-factor cost model of EA-IPP2n, while extending it to handle

multi-UAV missions with static obstacles and NFZs. Simulation results across five

missions showed that VAP-EAMIPP consistently outperformed the baseline Hierarchical



Informative Path Planning (HIPP), achieving higher rewards, greater coverage, and up

to 30% lower computational time.

• Emergency Safe Landing System (ESLS): A vision-based autonomous landing system

that integrates RTAB-Map SLAM with YOLO-v5 object detection for real-time obstacle-

aware mapping and safe zone detection. ESLS introduced two operational modes: (i)

ESLZD, which autonomously identifies the safest available landing site, and (ii) ESLZD-

SAR, which prioritizes proximity to detected survivors. Extensive simulations in Gazebo

with ArduPilot demonstrated landing zone detection success rates of up to 98% and safe

landing success rates of up to 96%, highlighting robustness in cluttered and GPS-denied

environments.

Beyond the individual contributions, Chapter 7 highlighted their integration in a realistic

SAR scenario, showing how the pre-mission planner (EA-IPP2n) and emergency landing

system (ESLS) interact to provide both global efficiency and local safety. This integration

confirms the framework’s readiness for real-world UAV deployments.

8.2 FUTURE WORK

While the developed frameworks demonstrated strong performance in simulations,

several research directions remain open:

• Real-World Deployment: Transition from simulation to physical UAV testing under

varying terrains, weather conditions, and sensor noise. Evaluate robustness in GPS-

denied and communication-limited environments.
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• Heterogeneous Multi-Agent Coordination: Extend VAP-EAMIPP to heterogeneous

multi-robot teams (e.g., UAV–UGV–USV cooperation) for cross-domain SAR missions

with joint aerial, ground, and surface planning.

• Adaptive and Online Planning: Integrate dynamic environmental effects such as wind

fields and moving obstacles. Develop online re-planning strategies to update paths in

real-time, enhancing resilience to unexpected changes.

By addressing these directions, UAVs can evolve into bridging the gap between simulation-

based research and real-world deployment.

152



CHAPTER IX

LIST OF PUBLICATIONS

9.1 HIGHLIGHTS

This doctoral research has been carried out in multiple phases, each addressing specific

challenges and resulting in scientific publications. Dissemination of results began as early as

the literature review stage, and continued throughout the PhD period until the submission of

this thesis.

9.1.1 PEER-REVIEWED JOURNALS

• [1] Merei, A., Mcheick, H., & Ghaddar, A. (2023). Survey on Path Planning for UAVs

in Healthcare Missions. Journal of Medical Systems, 47, 79. https://doi.org/10.1007/

s10916-023-01972-x

• [2] Merei, A., Mcheick, H., Ghaddar, A., & Rebaine, D. (2025). A Survey on Obstacle

Detection and Avoidance Methods for UAVs. Drones, 9(3), 203. https://doi.org/10.

3390/drones9030203

• Merei, A., Mcheick, H., Ghaddar, A., & Beltrame, G. (2025). EA-IPP2n: Energy-Aware

Informative Path Planning Algorithm for UAVs. Submitted to IEEE Access.

• Merei, A., Mcheick, H., & Ghaddar, A. (2025). VAP & EA-MIPP: V-Shape Area

Partitioning for Energy-Aware Multi-UAV Informative Path Planning Missions. To be

submitted as an extension of EA-IPP2n.

https://doi.org/10.1007/s10916-023-01972-x
https://doi.org/10.1007/s10916-023-01972-x
https://doi.org/10.3390/drones9030203
https://doi.org/10.3390/drones9030203


9.1.2 PEER-REVIEWED CONFERENCE PROCEEDINGS

• Merei, A., Mcheick, H., Ghaddar, A., & Beltrame, G. (2025). ESLS: A Vision-Based

Emergency Safe Landing System for UAVs. Accepted for publication in Procedia

Computer Science (Elsevier). To appear in the Proceedings of the 15th International

Conference on Current and Future Trends of Information and Communication Tech-

nologies in Healthcare (ICTH-25), October 2025.

9.1.3 WORKSHOP & REPORT

In addition to the works directly related to this PhD research, the following contributions

were produced during my research internship at the MIST Laboratory, Polytechnique Montréal:

• Merei, A., Mcheick, H., Ghaddar, A., & Beltrame, G. (2025). ESLS: A Vision-Based

Emergency Safe Landing System for UAVs. Poster presented at COLLOQUE REPARTI

2025, Université Laval, Québec, Canada, May 12, 2025.

• Merei, A. (2024). Technical Report: Installation and Simulator Setup for the DJI

Matrice Drone in the MIST Laboratory. Polytechnique Montréal, Canada.
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