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Abstract

Abstract

This paper explores the design, development, and evaluation of an autonomous
drone intended to improve the efficiency and reliability of goods delivery in ur-
ban environments, specifically within the challenging and congested setting of
Malta. The study validates a delivery pipeline through simulation trials, high-
lighting key functionalities such as marker detection, obstacle-aware ingress, and
pre-scripted egress. It also evaluates the drone’s navigation performance in com-
parison to existing models, with particular focus on obstacle avoidance and opti-
mal path-finding. Results from trajectory planning tests suggest that the proposed
system can navigate complex urban environments more effectively than current

approaches described in the literature for the research scenario.
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ance, Malta, simulation.
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Chapter 1. Introduction

Chapter 1: Introduction

In recent years, drone technology has advanced and has grown in popularity in a
variety of industries, including agriculture and military applications. While major
corporations like Amazon and others are investigating the use of drones for large-
scale package delivery, dense urban environments such as Malta are not suitable
for this approach due to space constraints and a variety of obstructions that can
be difficult to detect with a camera, such as hanging wires. This research aims to
develop an autonomous delivery drone that will be able to deliver goods directly
to the client’s balcony. This requires the drone to incorporate key features such
as a precise landing system that identifies and approaches the client’s balcony
accurately and safely, such that it will check for obstacles and any people on
the balcony before making the landing approach. While following the path, the
drone needs to avoid static and non-static obstacles and consider natural elements
that may affect the drone’s performance. The research will also examine the
potential integration of this technology with existing logistics systems, evaluating
how autonomous drones can augment or transform traditional delivery methods
while ensuring safety, privacy, and efficiency in their operation. The achievement
begins with a simulation environment designed for testing solutions, specifically
concentrating on small parcel delivery in Malta.

The concept of drone delivery has gained significant traction due to its poten-

tial to bypass urban congestion, reduce delivery times, lower costs, and decrease
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carbon emissions compared to traditional delivery methods. Industry leaders such
as Amazon, DHL, and FedEx have actively explored drone-based delivery solu-
tions for their last-mile logistics. This interest has been amplified by the COVID-
19 pandemic, which accelerated demand for contactless delivery solutions and re-
shaped customer expectations for speed and convenience [5].

While drones are traditionally employed in applications such as aerial pho-
tography, agriculture, and disaster management, these uses often rely on human
pilots to navigate challenging conditions. For instance, in agriculture, drones ef-
ficiently spray chemicals on crops, reducing environmental impact and improving
productivity [5]. However, reliance on human control limits scalability and in-
creases operational costs. Transitioning to autonomous systems can address these
challenges by improving efficiency and unlocking broader application possibili-
ties [6].

Amazon’s Prime Air project [7] is a key example of efforts to integrate au-
tonomous drones to deliver parcels. Prime Air aims to enhance delivery effi-
ciency by employing drones that are capable of transporting parcels weighing
less than 2 kg; that includes the majority of their products. Amazon’s Prime
Air drones deliver packages directly to customers’ doorsteps autonomously. The
packages are dropped from a hovering drone using a controlled mechanism to en-
sure safe placement on the ground, with the drone maintaining a low altitude to
reduce impact. [2]. Although the initiative has the potential to improve delivery
speed and expand rural logistics, it has encountered numerous obstacles. These

obstacles encompass public concerns regarding operational reliability and safety,
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as well as regulatory obstacles, such as obtaining Federal Aviation Administration
(FAA) approval. Additionally, the Prime Air framework continues to enforce sig-
nificant restrictions on drone operations due to weather conditions. The project
demonstrates the broader challenges and opportunities that are associated with the
use of autonomous delivery systems [7].

Other companies, such as Zipline and DJI, employ distinct methods for drone
deliveries. Zipline, specialising in medical deliveries and recently expanding to
consumer markets, operates two platforms: Platform 1 (P1) drones release pack-
ages from 60 to 80 feet above ground level using parachutes, while the newer
Platform 2 (P2) drones hover approximately 300 feet above ground and deploy a
self-navigating delivery droid that descends via tether for precise placement [3].
DII’s FlyCart 30 utilises a winch system to precisely lower parcels in areas that
lack suitable landing zones. In order to accurately identify and reach delivery
locations, these systems depend on autonomous flight algorithms, GPS, and ad-
vanced sensors [2,4]. Nevertheless, the implementation of such systems in Malta
is limited by the large number of apartments and limited open spaces, which pre-

vent drones from executing similar manoeuvres to efficiently deliver packages [2].

g \

~

Zipline Platform 1 Zipline Platform 2 DJI Flycart-30 Prime Air drone- MK30

Figure 1.1: Visual comparison of delivery drones from industry leaders.
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Feature Zipline P1 Zipline P2 DJI FlyCart 30 Amazon Prime
Air MK30

Delivery Focus Long-range Home delivery | Cargo transport Urban parcel de-
livery

Payload Capacity 1.8 kg 3.6 kg 30 kg 2.3 kg

Service Range 193+ km 77 km 16 km 100 km

Cruise Speed 96 kph 113 kph 72 kph 80 kph

Delivery  Mecha- | Parachute drop Tethered deliv- | Manual/  Tethered | Vertical landing

nism ery offload

Loading System Packed at hubs Easy  loading | Manual loading Automated

portal warehouse pack-

ing

Navigation System | GPS-based Al-powered GNSS + RTK Al-based

Control System Manual/Autonomous | Autonomous Manual/Autonomous | Al-driven auton-
omy

Noise Level Low Ultra-low Moderate Reduced noise
design

Weather Resis- | High High Moderate High

tance

Operational Areas | Rural/Healthcare Urban/Home Industrial use Urban residential

Launch Year 2016 2023 2023 2022

Table 1.1: Comparison of delivery drones from industry leaders. [2—4]

While industry leaders have shown a range of delivery methods, their systems
are not well adapted to vertical stacked apartment balconies in dense Mediter-
ranean urban layouts, where there is limited room for tether or parachute drops.
This creates a unique research gap in precision balcony landings, which this dis-
sertation addresses.

To investigate this challenge, the system was designed with both hardware
and software considerations. Initial hardware specifications were developed, al-
though the complete evaluation was carried out via simulation due to technical
constraints. The Gazebo environment was customised to replicate the intended

hardware configuration and realistic balcony delivery scenarios, ensuring that the
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results remain representative of real-world operation.
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Chapter 2: Literature Review

2.1 Overview

This research investigates the use of autonomous UAV (Unmanned Aerial Vehicle)
drones for parcel delivery in urban areas. These drones will transport parcels
directly from businesses to customers’ balconies, focusing on safe and precise
delivery. Equipped with sensors to visualise surroundings, avoid obstacles, and
adapt to environmental conditions during navigation and delivery.

The primary objective of this research is to contribute to the development of
an autonomous delivery drone capable of delivering goods directly to a client’s
balcony. Achieving this objective requires the drone to incorporate key features
such as a precise landing system for identifying and safely approaching balconies.
The system must assess obstacles and detect human presence before landing.
Navigation in urban environments further demands advanced obstacle avoidance
systems to handle both static and dynamic objects, as well as environmental fac-
tors like wind and fluctuating light conditions [8]. Furthermore, the integration
of this technology with existing logistics frameworks is a critical research focus,
evaluating its potential to augment or transform traditional delivery methods while

addressing safety, privacy, and efficiency concerns [5,6].
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2.2 Identifying Balcony

To identify the correct balcony on which the drone will land, researchers have
explored various methods for autonomous balcony identification and landing.
Avishkar Seth et al. [9] proposed using ArUco markers attached to balconies,
which serve as identifiers containing essential information like the floor and apart-
ment number. This information is crucial for the onboard computer to verify be-
fore the drone makes its landing approach. Seth et al. presented the Vertical Grid
Screening (VGS) method as an effective strategy for recognising specific bal-
conies, especially in urban environments with several near-identical facades. The
VGS system was designed with two approaches; the first is the Grid Screening
Method. This method divides the building facade into a series of horizontal and
vertical grids, allowing the drone to scan systematically across the entire surface.
Each grid cell represents a possible target, and scanning these cells sequentially
helps reduce the ambiguity involved in identifying specific balconies in a densely
packed urban landscape. To further enhance accuracy, YOLOv5—a real-time ob-
ject detection algorithm—was employed to aid the drone in accurately detecting
and recognising the ArUco markers placed on the facade. The Grid Screening
Method was particularly effective for multistory buildings with repetitive designs,
as it facilitated a quick and organised search, resulting in a 95% detection accu-

racy during outdoor tests.
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Tl
LN

B .

Apartment 3

Apartment 1

i

Figure 2.1: The autonomous flight demonstration near a building to scan the markers and iden-
tify the correct apartment for delivery.

This high accuracy is crucial in urban environments, where precision is needed
to avoid failed deliveries or incorrect landings, which could potentially cause
property or personal damage. The second method is the vertical sequential scan
method. In contrast to the systematic grid screening, the vertical sequential scan
involves scanning from the top of the building down to the bottom, covering
every floor sequentially. When the target balcony is located on a higher floor,
this method is particularly advantageous as it ensures the identification of all
potential landing sites. Although effective in identifying the target, the method
is relatively time-intensive, especially in high-rise buildings. Despite being more
comprehensive, the vertical sequential scan showed lower efficiency compared to
grid screening, mainly due to the increased time required to scan each level se-
quentially. The authors concluded that although the Grid Screening Method was
generally more efficient, the Vertical Sequential Scan provided an additional layer

of reliability, particularly useful in challenging environments where building height
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and design variations complicate the identification process. Seth et al.’s work sig-
nificantly contributes to the field, as it addresses both scalability and reliability
in balcony identification. By combining systematic scanning with advanced ob-
ject detection algorithms, they created a robust system suitable for urban environ-
ments. However, their findings also indicated the need for improved handling of
external factors such as wind and varying light conditions, which are common in

urban settings and pose challenges for marker detection.

Arrived at GPS Amivedat GPS
Location

Figure 2.2: (a) The Grid Screening method; (b) The Square Screening.

Another research Brunner et al. [1] proposed a different strategy to locate
the balcony to deliver the parcel by combining GPS for initial navigation and
switching to WhyCon markers for final identification on which balcony the drone
should land. The study acknowledges that, while GPS can be useful for reach-
ing the general area of the target location, it does lack the precision required to
safely identify and land on the target balcony, particularly in urban areas where
GPS signals can be interfered with buildings. To solve this interference, Burn-
ner et al. made use of WhyCon markers, which are a type of visual marker

designed for rapid and reliable detection using a simple black-and-white circular
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pattern printed on an A4 paper and attached to the balcony’s glass door. Why-
Con markers, unlike more complex visual markers like ArUco, do not encode
any detailed data that can verify the correct balcony to land on. The process
of landing begins with the GPS guiding the drone to the general location of the
target building, after which the drone transitions to visual-based navigation as it
approaches the balcony. The drone detected the WhyCon markers up to 7 me-
tres away, giving it enough time to adjust its trajectory and prepare for a precise
descent. In order to identify the correct balcony, the drone used the onboard
camera system to detect the marking and make any necessary positional adjust-
ments. They tested this approach in a simulated environment known as Gazebo
which enabled them to create a simulated urban model with features like multi-
ple identical balconies, changing light conditions, and potential sources of inter-
ference, all aimed at replicating a typical urban high-rise setting. Moreover, this
complex simulation is able to replicate real-world scenarios, including GPS signal
interference and environmental variability like wind and shadows. In addition to
the simulations, the researchers conducted real-world tests using an 8-megapixel
front-facing camera mounted on the drone to detect the WhyCon markers and
identify potential obstacles. This combination of simulated and real-world test-
ing ensured the system was capable of handling the complexities of urban drone
delivery and accurately identifying and navigating to the correct balcony. The
results from this study demonstrated the effectiveness of their approach in iden-
tifying the correct balcony for drone delivery. The system successfully detected

WhyCon markers from a distance of up to 7 metres, providing enough time for

10
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the drone to adjust its trajectory and prepare for a precise descent. In Gazebo
simulations, the drone reliably found and approached the right balcony even when
there wasn’t much light or GPS signal interference. This showed how strong the
combined GPS and visual marker approach is. Real-world tests further validated
these findings, with the drone using depth images to generate an occupancy grid,
enabling collision-free navigation during descent. Despite these successes, the re-
searchers noted challenges with sudden changes in lighting and wind turbulence
near the balcony, which could momentarily disrupt marker detection. However,
adding visual-inertial odometry helped fix these problems, making sure the drone
stayed stable and completed the identification and landing process successfully.
When analysing both approaches, the use of ArUco markers, as proposed by
Seth et al. [9], appears to be the ideal solution for precise balcony identification.
The markers have the ability to encode essential information, such as floor and
apartment numbers; this offers a level of specificity that ensures reliable identifi-
cation even in densely packed urban environments. The systematic Vertical Grid
Screening (VGS) method enhances this reliability by dividing the building fa-
cade into grids, allowing the drone to systematically scan for the target balcony.
Similarly, the Vertical Sequential Scan adds an extra layer of reliability by en-
suring that every potential balcony is considered, making it particularly useful for
taller buildings. The combination of these techniques, tested with the aid of the
Gazebo simulation environment, highlights the robustness of Brunner et al. [1]
’s approach. The realistic urban simulations in Gazebo, complete with identi-

cal balconies and environmental variables such as lighting and wind, demonstrate

11
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the effectiveness of their method in replicating the challenges of real-world ur-

ban settings. This controlled environment allowed the researchers to refine the

algorithms, achieving a high detection accuracy of 95% during outdoor tests,

which reinforces the suitability of ArUco markers and the VGS methods for high-

precision balcony deliveries.

Aruco Marker

Whycon Marker

Figure 2.3: Comparison of the ArUco Marker and the WhyCon Marker — ArUco markers en-
code comprehensive information (e.g., floor and flat numbers) for precise identification, while
WhyCon markers are simple circular patterns that are optimised for rapid detection and reliable

positioning.
Seth et al. [9] Brunner et al. [1]

Maker Type MarkerArUco markers: Detailed visual | WhyCon markers: Simple black-and-
markers that are able to encode essential | white circular patterns without any en-
information. coded data.

Scanning Approach Used two different methods: Vertical | GPS navigation followed by visual-
Grid Screening (VGS) and Vertical Se- | based detection using WhyCon markers.
quential Scan.

Algorithm Used YOLOVS object detection algorithm | Visual-inertial odometry (VIO) to sta-

for identifying and recognising ArUco
markers.

bilise and enhance marker detection dur-
ing descent.

Simulation Environment

Gazebo simulation environment to test
detection and scanning strategies in ur-
ban conditions with repetitive facades.

Gazebo simulation with complex urban
scenarios, including GPS interference,
variable lighting, and wind turbulence.

Detection Range

Not explicitly stated but assumed close-
range detection during grid scanning.

WhyCon markers are detected up to 7
metres away, enabling trajectory adjust-
ments.

Real-World Testing

Achieved 95% detection accuracy dur-
ing outdoor tests.

Real-world tests validated reliable
marker detection, navigation, and
landing, even under challenging light
and wind conditions.

Table 2.1: Comparison of Identifying Balconies Methods

12
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2.3 Approaching and landing a drone on a balcony

Approaching and landing a drone on a balcony can be a somewhat complex pro-
cess that involves precision navigation, obstacle avoidance, and ensuring safety
in confined urban spaces. Building on the previous section, researchers have ex-
plored various methods to ensure that drones can safely and reliably navigate to
the correct balcony and perform a controlled landing.

To improve balcony identification, security, and to prevent stolen goods, Seth
et al. [9] introduced a user authentication system. Upon detecting the correct bal-
cony via the marker, the drone sends a notification to the user with a link to au-
thentication. The user logs into the application and enters a unique authentication
code provided by the drone. After successful authentication, the drone approaches
the balcony and drops the package. The IoT-enabled two-factor verification pro-
cess guarantees a secure delivery of the package to the intended recipient, thereby
reducing the risk of misdelivery or theft. During the final descent, the drone uses
real-time feedback from the markers, combined with the YOLOV5 object detection
algorithm, to make precise positional adjustments. Despite these robust measures,
challenges such as fluctuating light and wind conditions remain. Seth et al. noted
that these environmental factors could temporarily disrupt marker detection, high-
lighting the need for enhanced stabilisation systems to further refine the approach

process.

13
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User attempts two factor authentication
using unique code and phone biometrics
(Fingerprint/FacelD)

Drone detected marker
with highest confidence < Confirmation Gode

Apartment selected for Drone generates and
delivery — User transmits - User
prompted login Authentication Code

Drone confirms
verification and
completes delivery

1 PN
o |im 5en En
B fo jo tw

Figure 2.4: The process for the completion of drone delivery through loT user authentication.

Brunner et al. [1] use a similar setup when approaching the balcony to land
the drone. When the drone is in close range to the balcony, it switches to Why-
Con markers for precise visual guidance. The onboard camera can identify these
markers from a distance of up to 7 metres, giving the system enough time to
adjust its flight path for an accurate approach. Before approaching, the drone
uses its onboard camera to measure the balcony and determine if there is enough
space for a safe landing. It creates a depth-aware occupancy grid, which is a
real-time map that outlines the balcony’s dimensions and highlights any obstacles,
such as railings or furniture. The marker plays a crucial role in this process,
as the drone analyses it to capture a reference size and scale. This informa-
tion helps the drone calculate whether the empty space on the balcony meets the
required measurements for a safe landing. If the grid reveals obstacles or insuffi-
cient space, the drone can adjust its descent path or abort the landing entirely if

necessary.

14
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(b)

(a)

Figure 2.5: (a) A drone approaching a balcony using visual-inertial odometry (VIO) for stability
and trajectory adjustments. (b) Depth-aware occupancy grid mapping the environment to detect
obstacles, enabling real-time course correction during landing. Adapted from Brunner et al. [1]

This study introduces the NavAl system [10], with a primary emphasis on
semantic segmentation for autonomous landing. The system utilises images cap-
tured by a downward-facing camera to train neural network models, such as
DeepLabv3+ and U-Net, to produce segmentation maps of the surfaces beneath
the drone. By detecting obstacles such as objects or uneven surfaces, this seg-
mentation identifies areas that are safe for landing. The precision of DeepLabv3+
in identifying potential hazards has been demonstrated by its 75% success rate
in landing on safe zones during evaluations. The study validates its methods by
conducting simulations in Microsoft’s AirSim, which serves as a reliable test bed
for evaluating the system’s adaptability to urban environments. Although the sys-
tem does not explicitly address the adaptation to balcony landings, its adaptability
and segmentation capabilities could provide a foundation for the identification and
assurance of safety in balcony delivery scenarios. This approach aligns with the
necessity for adaptability and precise obstacle detection in urban drone parcel de-

liveries.

15
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Markerless solutions are gaining traction due to their versatility. Eendebak
et al. [11] developed a method using image segmentation to identify safe land-
ing zones based on calculated obstacle distances. Similarly, CNNs have been
leveraged to classify landing zones as safe or unsafe using semantic segmenta-
tion, as shown in systems trained on datasets like KITTI. These methods empha-
sise adaptability but require significant computational resources. Fully autonomous
systems employ segmentation models like U-Net and DeepLabv3+ to classify sur-
faces beneath drones. These models use datasets such as the Semantic Drone
Dataset to detect surfaces (e.g., grass, paved areas) and ensure safety through
iterative landing zone adjustments. While such systems ensure broader usabil-
ity, their precision depends on model accuracy and environmental conditions. For
balcony landings, these methods can be extended to detect specific balcony fea-
tures such as railings, open spaces, or paved flooring, ensuring accurate and safe
touchdown. This adaptability is critical for urban settings, where balconies vary

in size, structure, and accessibility.

16
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during descent and positional adjust-
ments to improve precision.

Aspect Seth et al. [9] Brunner et al. [1]

Primary Methodology IoT-enabled two-factor authentication | GPS navigation for initial approach fol-
combined with ArUco markers for bal- | lowed by WhyCon markers and depth-
cony identification and verification. aware occupancy grids for final landing

guidance.

Markers Used ArUco markers that encode detailed in- | WhyCon markers, simple black-and-
formation (e.g., floor, apartment num- | white circular patterns used for visual
ber). guidance without encoded data.

Landing Approach Relies on marker detection via YOLOvS5 | Switches to visual guidance using on-

board cameras to detect WhyCon mark-
ers up to 7 metres away, enabling trajec-
tory adjustments.

Obstacle Avoidance

Challenges like fluctuating light and
wind conditions can temporarily impair
marker detection.

Uses depth-aware occupancy grids to
map the environment and detect obsta-
cles such as railings or furniture for real-
time corrections.

such as wind and lighting variability.

Strengths Secure delivery through authentication | Robust detection and navigation in sim-
and high accuracy in marker detection. ulated and real-world environments,
with stable handling of lighting and
wind challenges.
Limitations Sensitive to environmental variables | Relies on simple WhyCon markers,

which lack encoded data, limiting pre-
cise identification without GPS support.

Table 2.2: Comparison of Approaches for Balcony Landing by Seth et al. and Brunner et al.

2.4 Stabilisation and Obstacle Avoidance during Approach

Stabilisation and obstacle avoidance are important components of safely approach-
ing and landing a drone in confined urban spaces like balconies. Researchers
have explored various methods to ensure drones can handle dynamic environments
while maintaining stability and avoiding both static and moving obstacles during
descent.

Brunner et al. [1] addressed weather-related challenges by enhancing their
VIO-based system to handle disruptions caused by wind and fluctuating light-
ing. By integrating visual and motion data, their system dynamically adjusts the
drone’s trajectory, ensuring stability and a controlled descent even in intricate ur-
ban settings.

To enhance stabilisation further, Singh et al. [6] introduced an adaptive First

17
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Person View (FPV) video system for UAVs. This system dynamically adjusts
video resolution and latency to optimise obstacle detection and drone stability,
particularly in urban environments. Using real-time sensory data—including UAV
orientation, proximity to obstacles, and communication channel conditions—the
algorithm balances latency and resolution to ensure optimal collision avoidance.
When obstacles are distant, the system prioritises higher resolution to capture
finer details for early detection. However, as obstacles draw closer, it minimises
latency by reducing resolution, enabling quicker reaction times. The algorithm,
built on motion-JPEG (MJPEG) video encoding, demonstrated a 58.63% improve-
ment in collision avoidance compared to non-adaptive systems, making it highly
suitable for navigating unknown environments like balconies [6].

Marchidan and Bakolas [12] introduced Collision Avoidance Vector Fields (CAVFs)
as a real-time solution for obstacle avoidance. This method generates adaptive
vector fields that steer the drone away from static and dynamic obstacles while
ensuring smooth navigation. CAVFs operate by creating “repelling fields” around
obstacles, which influence the drone’s path without abrupt directional changes.
This approach is particularly advantageous in urban balcony deliveries, where con-
fined spaces and unexpected obstacles (e.g., moving objects on the balcony) re-
quire quick, adaptive responses. Marchidan and Bakolas emphasised the system’s
ability to maintain stabilisation while dynamically altering the drone’s trajectory
in response to environmental feedback.

Victor Miranda et al. [13] contributed another approach by combining Ex-

tended Kalman Filters (EKF) with sensor fusion to improve stabilisation. EKF in-
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tegrates data from multiple sensors—such as visual cameras, GPS, and ultrasonic
sensors—to generate an accurate estimation of the drone’s position and velocity.
By filtering out noise and inconsistencies in sensor data, EKF helps the drone
stabilise its descent, particularly when external conditions (e.g., wind or lighting
variations) interfere with a single sensor’s reliability. Miranda et al. demonstrated
that the EKF approach significantly improved landing accuracy, reducing posi-
tional errors to 0.19 metres.

An Al-based obstacle avoidance system that utilises real-time image segmenta-
tion and object recognition algorithms to identify potential hazards was introduced
by Lee and Kwon [14]. Their method involves the integration of a companion
computer with the drone’s flight control system, which allows the Al to generate
adaptive avoidance trajectories. This is especially advantageous in urban settings
where unforeseen obstacles, such as balcony furniture or detritus, present a chal-
lenge. The system’s capacity to dynamically adjust the descent path guarantees
both precision and safety during landing.

In constrained urban environments such as balconies, the safe operation of
drones relies on the implementation of obstacle avoidance and stabilisation tech-
niques. Brunner et al. [1] prioritised real-time stability by employing depth-aware
occupancy grids and visual-inertial odometry (VIO). Their method particularly ex-
cels at environmental mapping and trajectory adjustments, which guarantee sta-
bility when faced with changing wind and illumination conditions. However, its
adaptability in highly dynamic environments may be restricted by how it depends

on precise sensor data. Singh et al. [6] focused on adaptability by developing an
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FPV video system that dynamically adjusts video resolution and latency. This ap-
proach significantly improves obstacle detection and collision avoidance; however,
it is more appropriate for visually intensive scenarios due to its reliance on com-
putational efficiency and camera quality. Similarly, Marchidan and Bakolas [12]
introduced Collision Avoidance Vector Fields (CAVFs) to enable drones to navi-
gate obstacles without experiencing abrupt directional changes. Although CAVFs
are effective in dynamic environments, their use in highly cluttered spaces (such
as on a balcony) may be restricted due to their lack of comprehensive map-
ping capabilities. Miranda et al. [13] achieved precision positional awareness in
challenging conditions by integrating data from multiple sources using Extended
Kalman Filters (EKF) and sensor fusion. This method is highly robust in fil-
tering noise but less responsive to sudden environmental changes compared to
adaptive methods. Lastly, Lee and Kwon [14] employed Al-based image segmen-
tation and object recognition to dynamically generate adaptive trajectories, which
proved particularly effective in overcoming unforeseen obstacles in urban envi-
ronments. However, this method poses challenges for resource-limited drones, as
Al-powered systems require high computational power. In general, these methods
collectively offer a variety of solutions for obstacle avoidance and stabilisation.
Future advancements are likely to be facilitated by the integration of these di-
verse techniques to develop more comprehensive and adaptive systems for urban

drone deliveries.
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Aspect

Approach/Technology Used

Researchers

Stabilisation Method

Visual-Inertial Odometry (VIO) combined

Brunner et al. [1]

with depth-aware occupancy grids to dy-
namically adjust trajectory and stabilise
descent under varying conditions.

First Person View (FPV) video system ad- | Singh et al. [6]
justs video resolution and latency dynam-
ically based on obstacle proximity to bal-
ance latency and resolution.

Adaptive Detection

Collision Avoidance Collision  Avoidance  Vector  Fields | Marchidan and Bakolas [12]
(CAVFs) generate adaptive “repelling
fields” around obstacles to steer the
drone smoothly without abrupt directional
changes.

Extended Kalman Filters (EKF) integrate | Victor Miranda et al. [13]
data from cameras, GPS, and ultrasonic
sensors for noise filtering and accurate po-
sitional awareness.

Sensor Fusion

Al-Based System Real-time image segmentation and object | Lee and Kwon [14]
recognition dynamically adjust the trajec-
tory to avoid unforeseen obstacles like fur-

niture or debris.

Key Strengths VIO offers robust stability under variable | All researchers
conditions; FPV enhances obstacle detec-
tion through dynamic adaptation; CAVFs
ensure smooth navigation; EKF achieves
precision through data integration; Al ex-
cels in adaptability for dynamic environ-
ments.

Limitations VIO relies on precise sensor data; FPV | All researchers
depends on computational efficiency and
camera quality; CAVFs lack detailed en-
vironmental mapping; EKF may lag in re-
sponse to sudden changes; Al demands
high computational resources.

Table 2.3: Comparison of Stabilisation and Obstacle Avoidance Approaches

2.4.1 Weather Considerations

The weather significantly influences the stabilisation and landing of drones, par-
ticularly in urban environments where wind turbulence and fluctuating light condi-
tions may disrupt operations. Under these difficult circumstances, researchers have
investigated a variety of approaches to guarantee consistent performance.

The challenges presented by environmental factors, such as wind turbulence
and fluctuating light conditions, during a drone’s approach and landing were pointed
out by Brunner et al. [1]. In order to resolve these concerns, their system imple-

mented visual-inertial odometry (VIO), which integrates visual data from onboard
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cameras with motion data from sensors to ensure stability and compensate for
real-time disruptions. This dynamic adaptation of the drone, which is enabled by
the incorporation of visual and spatial feedback, guarantees a safe and controlled
descent in intricate urban environments. The system effectively navigates confined
spaces and mitigates the impact of challenging environmental variables by utilis-
ing this multi-layered approach.

The significance of real-time adjustments utilising Al algorithms in severe
conditions was emphasised by Lee and Kwon [14]. While considering environ-
mental factors such as wind and shadows, their system processes visual data to
identify obstacles. This guarantees that the drone can make well-informed deci-
sions and dynamically adjust its landing path, thereby reducing the risks associ-
ated with unpredictable weather.

Finally, research by Seth et al. [9] acknowledged the significance of reducing
environmental variability during balcony landings. Despite their primary search
objective being marker detection, they noted that adverse lighting conditions and
high winds could temporarily impair the drone’s ability to accurately identify
ArUco markers. They suggested enhancing the drone’s stabilisation system and
sensor integration to better tackle the challenges of urban environments.

In conclusion, overcoming weather-related challenges demands a multifaceted
strategy. Lee and Kwon’s Al-based adaptation and Seth et al.’s emphasis on en-
hanced sensor systems highlight complementary strategies for mitigating weather
disruptions, while Brunner et al. demonstrated the effectiveness of VIO for sta-

bilisation. These methods collectively enhance the safety and reliability of drones
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during urban operations.

Aspect Approach/Technology Used Researchers

Weather Mitigation Strategy Visual-Inertial Odometry (VIO) integrates | Brunner et al. [1]
visual and motion data to stabilise trajec-
tory and adapt to disruptions caused by
wind turbulence and fluctuating light.

Dynamic Path Adjustment AT algorithms process visual data in real | Lee and Kwon [14]
time to identify obstacles and dynamically
adjust landing paths under severe condi-
tions like wind and shadows.

Marker Detection in Adverse Condi-|ArUco markers are used for balcony iden- | Seth et al. [9]
tions tification, but their detection is enhanced
by improving sensor integration to over-
come challenges posed by lighting vari-
ability and high winds.

Key Strengths VIO provides robust stabilisation under | All researchers
varying weather conditions; Al dynami-
cally adjusts paths to address unforeseen
disruptions; marker-based methods offer
reliability with enhanced sensor systems.

Limitations VIO depends on high-quality sensor input | All researchers
for effective adaptation; Al requires signif-
icant computational power; marker detec-
tion can be impaired by extreme weather
and lighting conditions.

Table 2.4: Comparison of Weather Mitigation Strategies for Drone Stabilisation and Landing

2.4.2 Safety Considerations

The study conducted by Yoo et al. [15] investigates public attitudes towards drone
delivery and the factors that influence its use, highlighting the risks and benefits
of this technology. Speed and environmental tolerance are the primary advan-
tages that have been identified. Drones are desirable to environmentally conscious
consumers and those who prioritise convenience due to their ability to bypass
road congestion and emit less carbon than traditional delivery vehicles, resulting
in rapid delivery rates. Similarly, Nguyen et al. [16] emphasised that drone de-
liveries are increasingly accepted, particularly in urban areas, due to their speed,
flexibility, and efficiency.

Nevertheless, public concerns remain a significant barrier to widespread adop-

tion. Many individuals are apprehensive about potential drone malfunctions, which
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could lead to property damage, injury, or delivery errors, such as misplaced or
damaged shipments. Privacy risks are also prominent, with concerns about drones
intruding into personal spaces, particularly in suburban and rural areas. Nguyen
et al. [16] further revealed that perceived risks, including privacy invasion and
operational safety, moderate the relationship between consumer attitudes and will-
ingness to use drones, highlighting the importance of addressing these concerns
to foster trust in the technology. Urban consumers tend to worry more about
operational hazards due to dense populations, while rural consumers are more
concerned about privacy violations from overflights [15,16].

Experimental results demonstrated a high accuracy in identifying unsafe zones
with obstacles and high precision in detecting safe zones on flat surfaces. How-
ever, challenges persist, such as addressing complex surface types and improving
detection reliability under varying lighting and weather conditions. Nguyen et
al. [16] emphasised that such improvements are crucial to mitigating perceived
risks and increasing public confidence in drones. Additionally, drones can ensure
safe balcony deliveries by integrating real-time assessment techniques that dynam-
ically adapt to obstructions such as furniture or railings. Motion detection further
enhances safety by identifying environmental changes during descent [8].

These developments collectively address safety concerns and align with the
public’s need for secure, reliable, and efficient drone delivery systems. By tack-
ling privacy and safety risks through transparent protocols and advanced real-time
systems, the adoption of drone delivery can be accelerated, particularly in urban

settings where operational complexity is heightened.
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Aspect

Approach/Key Findings

Researchers

Public Perception

Drone delivery is seen as fast, environmen-

Yoo et al. [15]

tally friendly, and efficient. However, pub-
lic concerns include safety risks, property
damage, and privacy violations.

Risk Mitigation Perceived risks like operational safety and | Nguyen et al. [16]
privacy invasions affect consumer willing-
ness to adopt drones. Transparent proto-

cols are essential to foster trust.

Dynamic Safety Assessment Real-time assessment techniques identify | Nguyen et al. [16], Alsawy et al. [8]
and adapt to obstructions, such as furni-
ture or railings, ensuring safe balcony de-
liveries. Motion detection improves envi-

ronmental awareness during descent.

Urban vs. Rural Concerns Urban consumers focus on operational | Yoo et al. [15], Nguyen et al. [16]
hazards due to high population density,
while rural consumers prioritise privacy

concerns related to drone overflights.

Technological Challenges Complex surface types and varying en- |Nguyen et al. [16], Alsawy et al. [8]
vironmental conditions (e.g., lighting,
weather) impact detection reliability. En-
hancing sensor integration and motion de-

tection is critical.

Key Strengths Addressing safety and privacy concerns | All researchers
aligns with public needs for reliable, se-
cure delivery systems. Real-time assess-
ment and motion detection enhance opera-

tional safety.

Limitations Perceived risks and technological con- |All researchers
straints, such as poor detection in adverse
conditions, hinder public acceptance and

operational reliability.

Table 2.5: Comparison of Safety Considerations in Drone Delivery Systems

2.5 Conclusion

This literature review highlights significant advancements and challenges associ-
ated with the implementation of autonomous drones for urban parcel delivery.
These studies collectively emphasise the technological, environmental, and social
aspects that are essential for the safety, reliability, and efficiency of drone opera-
tions.

Diverse methodologies have been implemented by researchers, from the iden-
tification and landing on balconies to the navigation of complex urban environ-
ments. Seth et al [9]. focused on the integration of GPS and WhyCon markers

for effective navigation in high-rise scenarios, while Brunner et al. [1] concen-
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trated on the reliability of ArUco markers and systematic scanning techniques
such as Vertical Grid Screening for precise balcony identification. Visual-inertial
odometry (VIO) and YOLOVS are advanced techniques that complement both ap-
proaches, ensuring accuracy and stability during operations.

Innovative solutions that adapt to dynamic and unpredictable environments are
demonstrated by approaches such as Singh et al. [6]’s adaptive FPV system,
Marchidan and Bakolas [12] CAVFs, and Miranda et al. [13]’s EKF-based sen-
sor fusion in addressing stabilisation and obstacle avoidance. Lee and Kwon’s [6]
Al-based real-time image segmentation provides an additional layer of adaptabil-
ity, especially in the context of managing unforeseen obstacles in confined spaces
such as balconies.

Systems such as Brunner et al. [1]’s VIO adaptation and Lee and Kwon’s [6]
Al-driven modifications effectively mitigate weather considerations, an essential
part of drone delivery. The significance of dynamic feedback systems in sur-
mounting obstacles such as wind turbulence and fluctuating light conditions is
highlighted by these solutions, while Seth et al. [9]’s marker-based detection high-
lights its resilience in the face of environmental variability.

Ultimately, safety concerns become a focal point, as researchers identify pub-
lic concerns regarding operational hazards and privacy risks. The objective of
innovative safety systems, including real-time assessment techniques, motion de-
tection, and transparent operational protocols, is to resolve these concerns, thereby
promoting trust in drone delivery systems.

Although current research provides a solid foundation for autonomous urban
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delivery systems, a key gap remains in real-world implementations where bal-

conies are cluttered, obstacles are dynamic, and GPS positioning alone is insuffi-

cient for precise landings. My research aims to bridge this gap by developing a

drone that:

First, it finds the balcony using GPS, which has an accuracy of approxi-

mately +10 feet, meaning a finer verification system is needed.

Uses ArUco markers for final balcony identification and precise alignment.

Detects obstacles before approaching the balcony, including hanging plants,
laundry, and people. The drone will not approach if people are present to

ensure safety.

The drone estimates if it can safely pass through obstacles, considering the

width and height of both the drone and the balcony entrance.

The system dynamically adjusts its final landing position based on available
balcony space and obstacles on the balcony floor, such as furniture and

objects.

Instead of relying on expensive, high-end LiDAR systems, I will use a small

TFmini LiDAR sensor alongside Al-based monocular depth estimation. This ap-

proach will help keep the drone lightweight and cost-effective while still ensuring

accuracy when detecting obstacles and when landing manoeuvres for any neces-

sary adjustments.

By making use of LiDAR for height sensing, Al for depth estimation, and

computer vision for marker-based navigation, my research will contribute to mak-
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ing autonomous drone deliveries in urban environments safer, more reliable, and
adaptable to real-world conditions. The system aims to improve delivery effi-
ciency while safeguarding customer safety and privacy, thereby facilitating drone
landings within Malta’s densely populated urban infrastructure and similar envi-

ronments globally.
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Chapter 3: Research Methodology

3.1 Overview

By utilising the knowledge acquired from the previous Literature Review chap-
ter, it was possible to impart imperative knowledge. The information acquired
has enabled a more refined and enhanced idea by incorporating or modifying the
methodology of previous research in order to achieve the best possible results
from the drone. This section outlines the research methods used to develop and
evaluate an autonomous drone delivery system capable of landing on balconies in
urban environments. The research process was initially designed to include both
software development and experimental testing, both in simulation and real-world
environments. However, due to hardware limitations and significant damage sus-
tained during flight trials, real-world testing could not be completed. Instead, the
methodology was modified to validate all algorithms within the Gazebo simulator,
which closely replicates the intended hardware configuration and delivery scenar-

10S.

3.2 System Architecture

3.2.1 Drone Hardware

The drone’s hardware was meticulously chosen to facilitate upgrades and to in-
tegrate multiple systems, including autonomous navigation, precision landing, and

obstacle avoidance, all within a compact design, enabling it to manoeuvre through
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the tightest spaces in an urban setting. This hardware was specified and partially
tested in initial trials; however, full hardware validation was not possible due to
weight issues and a subsequent crash. These specifications were virtually repli-

cated in Gazebo for simulation-based validation.

* Propulsion System

— Brushless DC motors, providing stable and efficient thrust.

— Electronic Speed Controllers (ESCs), which regulate motor speed for

precise movement.

— 3 Blade Propellers, optimised for urban flight to minimise noise and

energy consumption and produce more thrust.

* Flight Control and Navigation

— Pixhawk flight controller, responsible for stabilisation, altitude control,
and autonomous waypoint navigation. The flight controller runs ArduPi-
lot firmware, enabling custom flight behaviours and real-time telemetry
monitoring.

— NEO-M8N GPS, an accurate GNSS module that provides global po-
sitioning data for navigation. This module is integrated with the Ex-
tended Kalman Filter (EKF) in ArduPilot to improve its positioning

accuracy by fusing IMU and vision data.

— FlySky X6B Receiver is a 6-channel PPM/iBUS receiver operating on
2.4 GHz, ensuring low-latency signal transmission and reliable manual
override for emergency control.
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— 3DR radio Data Transmission Module (915mHZ) used for wireless com-

munication between the drone and the ground control station.

* Onboard Computer and Vision System

— Raspberry Pi 4 4GB,serves as the onboard companion computer, pro-

cessing real-time image recognition and sensor data fusion.

— Raspberry Pi Camera Module 3—12MP with Auto Focus and Wide Angle
Lens Front-Facing Camera captures ArUco markers placed on balconies

to identify the correct delivery location.

3.2.2 Software Framework

The objective of this phase is to utilise and customise the Gazebo simulator,
providing a somewhat realistic environment to simulate the autonomous drone in
an urban setting, replicating various scenarios with different lighting conditions
and wind variations. ROS 2 was integrated with the simulation for real-time data
collection and testing of sensor-based navigation algorithms.

To simulate a realistic delivery environment, a custom apartment block model
was developed in Blender and imported into Gazebo, featuring multiple balconies
equipped with ArUco markers attached to the centre of the railings for identifi-
cation. The simulation environment also incorporates various environmental fac-
tors to test the drone’s robustness. Different lighting conditions simulate daylight,
nighttime, and shaded environments, assessing the reliability of ArUco marker
detection under varying visibility levels. Wind disturbances will also be intro-

duced to evaluate the drone’s ability to adjust its trajectory and maintain stabil-
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ity, while dynamic obstacles, such as furniture, will be placed on balconies to

test the drone’s obstacle avoidance and correction capabilities.

el L L 1] T it

Figure 3.1: The apartment complex features ArUco markers fixed to each balcony for drone
testing purposes.

3.2.3 PX4 Flight Stack

PX4 is an open-source flight control software that offers powerful drone autopilot
features. It controls key flight functions, such as sensor fusion, navigation, and
stabilisation. The Pixhawk flight controller is equipped with the PX4 firmware,
which manages low-level control of the drone’s motors and sensors. PX4 com-
bines information from GPS, IMU, and barometer sensors to refine location esti-

mates using the Extended Kalman Filter (EKF).

3.2.4 Robot Operating System (ROS)

To control communication between various software modules, ROS 2 serves as
the middleware. Compared to ROS 1, ROS 2 offers improved real-time per-

formance, secure DDS-based communication, and better QoS control, making it
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more suitable for dynamic autonomous drone operations. These features are crit-
ical in ensuring reliable control and sensing in a dynamic environment. ROS 2

serves as the middleware layer.

* Manages the exchange of messages between sensor nodes, vision processing

modules, and flight control.

* Facilitates real-time adjustments to flight parameters based on sensor feed-

back.

* Coordinates autonomous operations such as balcony detection, obstacle avoid

ance, and precision landing.

The system is implemented using Python 3.10, which is fully supported by ROS
2; this allows for better package communication and modern language features

for more maintainable code.

MAVROS 2

MAVROS 2 is a bridge that connects ROS messages to the MAVLink protocol
used by PX4. It enables bidirectional communication between the flight controller

and the onboard computer. MAVROS?2 enables the following features:

* Publishing velocity and position setpoints to PX4.

* Retrieving telemetry data such as GPS location, battery status, and altitude.

* Offboard control and mission planning for autonomous navigation.
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3.2.5 Gazebo Simulation Environment

As previously mentioned, Gazebo will be used for testing and validating the
drone’s navigation and landing before deploying it in the real world. It provides
a realistic physics engine that simulates drone dynamics, environmental factors

like wind, and sensor data.

3.2.6 Programming Language

The implementation of the drone system is carried out using Python version 3.10;
the version is chosen for its compatibility with ROS 2, MAVROS 2, and the
Gazebo simulation environment. Unlike older projects that often rely on Python
2.7.17—a version preferred due to widespread legacy support and faster proto-
typing—this project takes advantage of the modern language features and perfor-
mance improvements found in Python 3.10.

Using the latest version of Python allows the integration of advanced, op-
timised libraries that are more resource efficient. This becomes especially ben-
eficial when training and deploying custom datasets for object detection tasks.
These datasets are specifically trained to detect elements such as hanging clothes,
plants, and balcony structures, enhancing the drone’s situational awareness during
navigation and landing. Overall, Python 3.10 improves maintainability, enables the
use of up-to-date packages, and ensures better long-term support for the system’s

software architecture.
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3.3 Programming the Drone

The autonomous drone programming was divided into three critical phases, each
of which addressed distinct aspects of navigation, detection, and precision landing.
These phases would necessitate communication between the Raspberry Pi onboard
computer and the Pixhawk flight controller via the MAVROS framework. How-
ever, due to hardware limitations and a crash during testing, the final validation
of these phases was conducted within the Gazebo simulation. In this configura-
tion, ROS 2 and MAVROS were used to emulate the interactions between the
onboard computer, sensors, and the flight controller, ensuring the same software
architecture could be validated virtually. The three main phases of the drone’s

autonomous operation are as follows:

1. Navigation and Identification of Balcony — The drone autonomously travels
to the designated delivery point using GPS-based navigation and switches to
its onboard camera to detect the ArUco marker to precisely locate and align

with the intended landing site.

2. Approaching and Landing on the Balcony — The onboard camera identifies

obstacles and the landing area.

3. Takeoff and Exiting the Balcony — After completing the delivery, the drone
follows a pre-programmed route to safely exit the balcony and return to its

home location.
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3.3.1 Phase One: Navigation and Identification of balcony

The object of this phase is for the drone to autonomously reach the delivery
location using GPS-based navigation, switch to vision-based guidance as it nears
the target, and detect the ArUco marker.

Existing research has explored autonomous navigation and target identification
for drone-based deliveries in urban environments. Brunner et al. [1] proposed a
hybrid GPS and vision approach by utilising GPS to position the drone in front
of the balcony, which may be unreliable due to interferences in urban environ-
ments, and WhyCon markers at closer range to navigate the drone in the balcony.
WhyCon markers have a smaller detection range and require a more controlled
environment for reliable recognition, making them less robust for real-world ur-
ban settings. Seth et al. [9] developed a Vertical Grid Screening (VGS) approach,
where the drone systematically scanned multi-story apartment buildings to identify
the ArUco marker associated with the correct delivery address. Their system used
YOLOVS for marker recognition, but it required a sequential scanning process,
making it computationally expensive and potentially slower. In contrast to Why-
Con markers, ArUco markers offer higher durability, extended detection range,
and enhanced reliability in dynamic urban environments, rendering them a more
appropriate option for autonomous drone navigation.

The drone developed in this research integrates GPS-based navigation with
sensor fusion to enhance positioning accuracy. To mitigate GPS inaccuracies caused
by urban interference, an Extended Kalman Filter (EKF) is implemented, combin-

ing data from the Inertial Measurement Unit (IMU) and barometer. This approach
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ensures precise localisation even in environments with degraded GPS signals. Si-
multaneously, the Pixhawk flight controller processes real-time GPS data to sta-
bilise the drone’s trajectory and improve overall navigation reliability.

Once the drone gets within 5 metres of the target, the drone switches to
vision-based navigation. The onboard camera scans the building facade, detecting
ArUco markers placed on balconies. The system verifies the marker ID, cross-
referencing it with the designated delivery location to ensure accurate targeting.
To ensure reliable performance under varying lighting conditions, the system uses
adaptive image processing techniques, including histogram equalisation, adaptive
thresholding, and gamma correction. These improvements optimise contrast, dy-
namically adjust brightness, and improve marker visibility, ensuring consistent de-

tection even in low-light, high-glare, or shadowed environments.

Figure 3.2: ArUco Marker attached to the balcony railing.
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Once the marker is confirmed, the drone proceeds to analyse its relative ori-
entation using pose estimation techniques. Based on the detected yaw, pitch, and
roll deviations, the drone dynamically adjusts its alignment to ensure it is facing
the marker at the correct angle before initiating the landing sequence. To align
with the detected ArUco marker, the drone adjusts its yaw rate based on the er-
ror in the horizontal position of the marker in the camera frame. The yaw rate

® is computed as follows:

_ HORIZONTAL RES
a 2

Cx

Xerror — Xavg — Cy

_Kp * )O%rxor, lf |x6rr0r| > deadbandpx
0, otherwise

where:

C, is the horizontal centre of the camera frame.

* Xayg represents the detected average x-coordinate of the marker.

Xerror 1S the difference between the detected marker position and the centre.

* K, is a proportional gain factor that determines the responsiveness of yaw

adjustments.

deadband,, is a threshold below which no correction is applied to prevent
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minor fluctuations from causing unnecessary adjustments.

* @ is the yaw rate command sent to the flight controller.

By incorporating these optimisations, the drone achieves high-precision align-

ment with the designated balcony, enhancing the reliability and accuracy of au-

tonomous deliveries.

This system addresses several challenges to ensure safe and reliable naviga-

tion:

* Urban GPS signal degradation is mitigated through Extended Kalman Filter-

ing (EKF), which enhances accuracy by compensating for position drift.

* The camera is optimised to function under varying lighting conditions, im-

proving marker detection reliability for accurate alignment with the balcony.
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Figure 3.3: The process logic of Phase One.
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3.3.2 Phase Two: Camera-Only Ingress and Landing onto the Balcony

Once the drone has aligned itself with the balcony, it transitions into Phase Two,
which focuses on safe ingress and precise landing within the balcony. This stage
distinguishes itself from previous implementations by combining object detection,
spatial analysis, and obstacle avoidance strategies to execute precision landings on
cluttered urban balconies.

Other studies have addressed drone descent strategies specifically on balconies,
yet they often lack multi-layered detection for the drone to determine whether
landing on the balcony is feasible. For instance, Brunner et al. [1] utilised Why-
Con markers for the descent position, which are simpler to detect but lack the
depth of environmental analysis required in cluttered urban balconies. In contrast,
this project uses the latest YOLO’s pre-trained model to detect other obstacles
the drone might encounter.

After the identification and obstacle assessment, the drone will calculate the
available entry space by calculating the width, height, and depth of the balcony
using Al-based measurement techniques via the onboard camera and comparing it
with the drone’s size to determine if the available space is enough for the drone

to safely fly inside the balcony.

Inputs and Assumptions.

* The vehicle begins yaw-aligned to the ArUco tag and hovers outside the

railing at approximately balcony floor height.

* The camera provides calibrated intrinsics, and the tag pose offers an initial

40



Chapter 3. Research Methodology

estimate of the standoff distance between the vehicle and the railing.

* YOLOvI12 detections provide information on people, furniture/obstacles, and

visually clear landing patches.

e Safety is preserved by limiting the utmost forward and lateral movement

and establishing conservative margins in relation to the drone’s footprint.

Ingress and Landing Procedure.

1. Human safety gate. If a person is detected within the balcony, the drone

stops and aborts the ingress, triggering a return-to-launch (RTL) command.

2. Forward motion constraints. The maximum forward distance is capped so
the drone cannot collide with the balcony’s rear wall. When balcony depth

is unknown, a global maximum distance is applied as a safeguard.

3. Corridor screening. Before each forward step, a central corridor within
the camera image is checked for obstacles. If obstructions are present, the
drone performs a small lateral sidestep toward the clearer side, always stay-
ing within lateral limits. Vertical avoidance is not performed in this phase

to preserve stable altitude.

4. Incremental ingress. The drone moves forward in small increments at low
velocity, pausing to re-check the scene after each step. If the near-field

region becomes visually cluttered, ingress is halted.

5. Landing-zone identification. Once the drone has crossed the railing thresh-
old, it searches for a visually clear patch inside the balcony where the
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drone can land. Preference is given to a patch near the image centre. The

drone makes minor lateral adjustments to align with this patch.

6. Descent and touchdown. After alignment, a landing command is issued.

Fail-safes.

* Time budget. If ingress exceeds a fixed duration of time (30-60s) the pro-

cess is aborted and RTL.

* Entry confirmation. If the drone never crosses the railing threshold, abort

and RTL.

* No clear landing patch. If no suitable patch is found or it becomes oc-

cluded, abort and RTL.

* Exceeding lateral bounds. If side movements exceed clearance limits, abort

and RTL.

Limitations. The POV camera’s monocular vision is the sole basis for all in-
ference, as depth sensors, such as lidar and depth cameras, are not used in this
method. Vertical obstacle avoidance during ingress is not implemented; instead,
the vehicle only performs lateral sidesteps to avoid obstacles and land on. The
approach avoids assuming prior knowledge of balcony geometry and instead en-
forces simple safety margins and distance caps that can be applied to most bal-
cony geometries.

This method does not rely on depth sensors; all inference is based on monoc-
ular vision from the POV camera. Vertical obstacle avoidance during ingress is
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not implemented; only lateral sidesteps are permitted. The approach avoids as-
suming detailed prior knowledge of balcony geometry and instead enforces simple

safety margins and distance caps.

Relation to Prior Work. Brunner et al. [1] used WhyCon markers for balcony
localisation but did not incorporate layered safety checks for cluttered environ-
ments. Seth et al. [9] introduced a grid-scanning approach for marker detection,
which is effective but computationally expensive. The researched approach retains
the strong alignment cue of a visual marker while adding layered safety checks:
(1) a human-safety gate, (ii) camera-only corridor screening with sidesteps, (iii)
forward motion capping to prevent wall collisions, and (iv) landing-zone selec-
tion using the same camera feed. This extends the visual-navigation methods into
more cluttered, realistic balcony environments, consistent with image-based safety

frameworks such as Alsawy et al. [8].
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Figure 3.4: The process logic of Phase Two.

3.3.3 Phase Three: Egress and Return to Land

After completing the landing procedure and simulating the parcel release by briefly
landing on the balcony floor, the drone performs an egress manoeuvre to exit
the balcony. This manoeuvre involves the vehicle ascending vertically approxi-
mately 2 metres to clear the balcony railing and any obstacles on the balcony,
followed by moving backwards approximately 4 metres. Once clear of the bal-
cony, the drone switches to the built-in Return-To-Land (RTL) mode provided
by MAVProxy, which will autonomously command the drone to gain 10 metres
of altitude and return to its original take-off position, which closely mirrors the
path-reversal strategy described by Brunner et al. [1].

The method proved effective during testing, providing a reliable and compu-

tationally simple means of egress. However, the current implementation remains
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pre-scripted and assumes that no new obstacles appear within the balcony dur-
ing the short period following delivery. As Lee and Kwon [14] emphasise, safe
exit strategies in confined environments require real-time obstacle perception and
adaptive trajectory planning to handle unexpected changes.

From a user-acceptance perspective, minimising risk during the egress phase
is also essential. As noted by Yoo et al. [15], public willingness to adopt drone
delivery depends strongly on perceived safety and reliability. An egress that en-
sures safe clearance from private property not only prevents accidents but also

builds trust in the overall delivery service.

Start of phase three

Take off =2 metres

Move back =4 meters

Mode RTL

End of phase three

Figure 3.5: The process logic of Phase Three.
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Chapter 4: Analysis of Results and Discussion

4.1 Introduction

The experimental results for the proposed balcony landing pipeline are presented
within this chapter, which examines the performance of the 25x25cm marker de-
tection, the reliability of alignment, and the success of balcony landings, which
were simulated within the Gazebo Simulation, while the acoustic footprint was
recorded in the real world before the unforeseen drone crash. The results are
compared to other findings from related literature and discussed in relation to the

research objectives in each subsection.

4.2 Marker Detection Performance

4.2.1 Effect of Approach Angle and Lighting

Table 4.1 summarises the time-to-detect (TTD) across three different approach an-
gles (45°, 0°, and 65°) and tested during day, dusk, and dark to simulate different

lighting conditions, with the result averaged over multiple trials.
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Table 4.1: Marker detection times under different conditions (mean + SD).

Condition S5m 10m Success Rate
45° Day 0.01 s 0.01 s 100%
45° Dusk 0.01 s 1.03 £ 1.2 s 80%
45° Dark 001 s 039 + 03 s 100%
0° Day 2.04 s Fail 0%
0° Dusk 0.12 s Fail 0%
0° Dark 0.01 s 2.66 + 2.0 s 20%
65° Day 0.01 s 0.84 + 1.1 s 100%
65° Dusk 0.12 s 092 + 14 s 80%
65° Dark 0.01 s 0.94 s 20%

i Bis B;S
45° 0° 65°

Figure 4.1: Marker detection test angles relative to the balcony.

Detection was nearly instantaneous, less than 0.5s, at a distance of 5 me-
tres irrespective of light conditions and angles. However, at the distance of 10
metres, detection proved to be difficult during dusk and dark conditions, which
caused frequent failures. Ahead approaches (0°) produced the lowest detection
rates, which was counterintuitive given the symmetry of the approach, while 45°
and 65° approaches were more consistent in their detections. Upon closer exam-
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ination, this can be attributed to the image-plane geometry and marker visibil-
ity. When the drone approached head-on, the marker occupied a smaller pixel
footprint and was more affected by low contrast. In contrast, oblique angles
were occasionally produced, which resulted in a more stable silhouette with in-
creased feature contrast, which aided the detector even in low-light conditions.
This behaviour highlights the significant impact of how marker geometry and
viewing perspectives can strongly influence detection robustness, consistent with
prior image-based observations by Alsawy et al. [8]. Their research emphasised
the importance of illumination variability and partial occlusion of visual features
as among the most critical risk factors for a drone dependent on a vision system.
This is due to the fact that reduced contrast or obstructed edges can compromise
mission safety and degrade detection. Although Alsawy et al. [8] reviewed these
risk factors within a more comprehensive safety framework for drone delivery, the
current findings offer a more specific illustration of the same type of detection
vulnerabilities through the use of ArUco markers. This example illustrates how
diminished lighting and pixel-scale effects from approach geometry can result in

these vulnerabilities.
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4.3 Alignment Performance

Table 4.2: Alignment times at 5 metres and 10 metres standoff distances.

Condition Sm 10 m Success Rate

45° Day  20.59 s Fail 0%
0° Day 15.75 s Fail 0%
65° Day 1529 s Fail 0%
45° Dusk 20.06 s Fail 0%
0° Dusk 1837 s Fail 0%
65° Dusk 34.15 s Fail 0%
45° Dark 14.81 s Fail 0%
0° Dark 23.48 s  Fail 0%
65° Dark 17.05 s Fail 0%

Alignment times were generally adequate at a close range, 15-34 s within 5 me-
tres, but failures were predominant at 10 metres under all lighting conditions.
This degradation strongly implies that pose-estimation accuracy and orientation
control are extremely sensitive to distance, as the ArUco marker’s pixel foot-
print becomes insufficient for reliable tracking beyond 5 metres. This restriction
underscores a trade-off between precision and operational range: ArUco mark-
ers provided exceptional short-range accuracy but were unable to maintain consis-
tent alignment at prolonged standoff distances. These findings contrast with Brun-
ner et al’s [1] findings, who employed WhyCon markers, which enable longer-
range detection. Their methodology was inadequate for congested balcony sce-
narios due to its lack of precision and robustness. In practice, this limitation
meant that Brunner’s system could direct the drone towards the general vicin-
ity of the balcony, but it was less precise when aligning closely to a landing

marker. These results confirm that ArUco markers offer superior pose estimation
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but at the cost of reduced detection range. Other studies, such as Miranda et
al. [13], have highlighted the importance of sensor fusion in mitigating such lim-
itations. Their research reported improved stability in sustaining alignment even
when visual cues were weak by combining GNSS, IMU and vision. Similarly,
Diacono [10] observed that single-modality vision approaches deteriorated rapidly
when the drone’s standoff distance increased or when lighting was suboptimal.
These results confirm that, although ArUco-based alignment is precise, the in-
tegration of auxiliary sensing modalities (such as LiDAR or inertial smoothing)
is essential for the scalability of the approach to real-world balcony deliveries.
In summary, the alignment experiments demonstrated the effectiveness of visual
alignment at 5 metres while also emphasising the fragile nature of a pipeline
that is solely reliant on vision when it is extended to a distance of 10 me-
tres. Compared with existing literature, this work shows a sharper precision-range
trade-off: WhyCon supports longer-range guidance but is less accurate, whereas
the ArUco Marker system yielded high-precision alignment but at a significantly

shorter effective range.

4.4 Landing Success Rate

Landing performance was evaluated under two experimental conditions, each in-
volving five independent test runs. The first test featured an unobstructed bal-
cony, whereas the second incorporated randomly positioned barriers to simulate
a realistic urban balcony environment. In all experiments, the system utilised

the camera-only ingress logic outlined in Chapter 3, without any additional depth
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sensors. A landing attempt was deemed successful if the drone identified the
marker, achieved alignment, and landed within the identified balcony area with-
out collision. The collected results are displayed in Table ??, which distinguishes

outcomes for unobstructed and obstructed balconies.

Table 4.3: Landing outcomes across unobstructed balcony trials.

Condition Trial Detection (s) Alignment (s) Outcome

Clear 1 0.07 21.52 Success
Clear 2 0.01 - Fail

Clear 3 0.01 345 Success
Clear 4 0.57 2.26 Success
Clear 5 0.14 3.12 Success

As shown in Table 4.3, four of the five attempts were successful, yielding
an 80% success rate. The Wilson 95% confidence interval is wide (38-96%)
with n =35, reflecting the small sample size; therefore, the Wilson’s method was
chosen instead of the standard normal approximation (Wald interval) because it
provides more reliable estimates for small sample sizes and extreme proportions.
In contrast to the Wald interval, which can produce misleading bounds outside
the [0,1] range, the Wilson interval achieves better coverage probability under
binomial conditions. These results suggest that, under ideal conditions, the vision-

based pipeline can achieve reliable touchdown performance.

Table 4.4: Landing outcomes across obstructed balcony trials.

Trial Obstacles Detection (s) Alignment (s) Landing time (s) Outcome

1 2 0.01 2.12 13.34 Success

2 3 0.12 7.53 17.64 Success

3 4 2.16 9.29 - Aborted

4 5 1.28 15.31 - Fail (collision)
5 5 0.34 11.65 35.94 Success
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For the obstructed balcony trials (Table 4.4), three out of five attempts were
successful, resulting in a 60% success rate. In this case, obstacles were placed
randomly on the balcony to further simulate an urban environment, and the drone
had to manoeuvre within the confined landing area and identify possible free
zones to land. One of the attempts was aborted because the system did not
detect a viable space to land on, demonstrating that the pipeline could correctly
reject unsafe situations. Another attempt failed due to a collision with an internal
obstacle, highlighting the limitation of camera-only spatial awareness systems in

cluttered environments.

Table 4.5: Aggregated landing performance metrics for unobstructed and obstructed balcony
conditions.

Condition Success Rate Mean Detection (s) Mean Alignment (s) Mean Landing (s) Notes
Unobstructed 80% (CI: 38-96%) 0.16 7.6 5.0 One failure due to misalignment
Obstructed 60% (CI: 23-88%) 0.78 9.8 22.3 One aborted (no free zone), one collision

Detection and alignment behaviours were generally similar to the unobstructed
trials, as these phases are predominantly influenced by approach geometry and
marker visibility, rather than the internal configuration of the balcony. The major
variation occurs within the landing phase; as in the unobstructed condition, touch-
down was typically achieved within 5-6 seconds after alignment. In contrast, ob-
structed balconies required substantially longer landing times, from 13.3 to 35.9
seconds, due to the need to search for and navigate towards the free landing
zone. These results indicate that cluttered balconies require additional computa-
tion and control effort compared with unobstructed landings. Similar challenges
are identified by Lee and Kwon [6], who noted that obstacle detection and avoid-

ance during the final descent phase are essential for a safe landing in confined
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spaces. Alsawy et al. [8] likewise argue that partial occlusions and restricted
geometry can compromise vision-based safety assessments. Therefore, while the
pipeline demonstrates feasibility in uncluttered conditions, robust deployment in
urban settings will require sensor fusion and real-time free-space detection to re-

liably identify safe landing zones within obstructed balconies.

4.5 The Effect of Light

Light conditions significantly affected the accuracy of the marker detection, as
indicated in Table 4.1; detection at a distance of 5 metres was consistently
nearly instantaneous (< 0.5 seconds) across daylight, dusk, and dark conditions,
with high success rates. However, performance declined significantly at 10 metres

under reduced light, particularly in dusk and dark conditions.

100%

67% 2%

Figure 4.2: Relative marker visibility under daylight (left), dusk (middle), and dark (right) con-
ditions. Lower brightness reduces contrast, directly affecting detection reliability at longer dis-
tances.

While head-on approaches (0°) consistently failed at 10 metres, angled ap-
proaches (45° and 65°) presented limited success, with detection occurring af-
ter increased latency in detection. This counterintuitive result can be explained
through image-plane geometry: at oblique angles, the marker occupied a large

pixel footprint and exhibited enhanced feature contrast, aiding detection in low
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light.

From a practical perspective, these findings highlight the vulnerability of camera-
only detection pipelines in realistic urban settings, where balconies are frequently
shaded, illuminated by artificial lighting, or subject to glare during dawn and
dusk. The clear deterioration in detection performance at longer ranges under
dusk and dark scenarios implies that operational reliability may be restricted to
favourable lighting conditions, potentially limiting the service window for balcony
deliveries such as evening temperature-sensitive parcel distribution.

These observations are consistent with the analysis of Alsawy et al. [8], who
identified illumination variability and partial occlusions as critical risk factors for
vision-dependent delivery systems. Similarly, Miranda et al. [13] emphasised the
importance of sensor fusion, reporting improved stability when GNSS and IMU
data were integrated with vision to compensate for poor lighting conditions. Brun-
ner et al. [1] achieved longer-range detection using WhyCon markers; however,
their system lacked the fine-grained precision needed for cluttered balcony land-
ings. In contrast, the present findings demonstrate that while ArUco markers
enable highly accurate short-range detection, their effectiveness decreases sharply
with reduced lighting and increased distance, underlining the need for auxiliary

sensing to ensure robustness in real-world deployment.

4.6 Acoustic Observation

In contrast to the simulation-based trials for navigation and landing, the acous-

tic measurements were obtained in the real world using a quadcopter with four
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2300KV (~25,530 RPM) brushless motors and three-blade propellers. The test
was conducted in a quiet location, under clear skies and no-wind conditions, with
a mobile phone sound level meter application positioned at different distances
from the hovering drone. These measurements represent the final successful test
conducted prior to the loss of the prototype during subsequent trials, after which
the evaluation shifted fully to simulation.

At a distance of approximately 3 metres, the noise varied between 85-78 dB;
however, at 6 metres, the noise decreased to approximately 47 dB. These readings
indicate that small multirotor drones produce a considerable acoustic footprint at
close range. The 85-87 dB level is comparable to urban traffic or a passing
truck, which can be disruptive in residential areas, especially if deliveries oc-
cur frequently or during early or late hours. This corresponds with the concerns
raised by Yoo et al. [15], which identified noise pollution as a significant factor
determining community adoption. Their research emphasised that excessive noise
can negatively influence public perception of drone delivery, despite recognition
of its efficiency and convenience. The findings indicate that, despite the quad-
copter’s compact size, the acoustic emissions generated at balcony-level proximity
are significant and could deter adoption in densely populated areas.

Furthermore, acoustic levels are not just a matter of perception but also of
safety and adherence to regulations. Prolonged exposure to sound levels exceed-
ing 85 dB is linked with hearing risks, indicating that frequent low-altitude flights
may require stricter operational limits or technical solutions, such as quieter pro-

peller designs. For instance, Zipline [3] employs a fixed-wing aircraft that has
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the capabilities of hovering and operates at higher altitudes and only descends
a droid (Zip) that contains the parcel via tether, minimising acoustic impact; a
balcony-landing quadcopter must hover and manoeuvre within metres of the re-

cipient, extending the duration and intensity of acoustic impact.

4.7 Summary

These results show that ArUco marker detection is fast and reliable at short
range, though alignment remains the main bottleneck, with failures at 10 m.
Landings achieved up to 80% success under ideal conditions, but performance de-
clined in poor lighting conditions, with complete darkness causing failures. High

acoustic levels also raise concerns for urban use.
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Chapter 5: Conclusions and Recommendations

5.1 Summary of Findings

This research determined whether a camera-only pipeline is feasible, guided by
fiducials, to achieve reliable bracing ingress and touchdown within the dense ur-
ban setting. Using a simulation-based evaluation, the three pillars of performance
were measured: (i) marker detection under varied approach angles and lighting,
(11) alignment stability versus standoff distance, and (iii) landing reliability on
both clear and cluttered balconies, complemented by real-world acoustic observa-
tions.

Marker detection. At 5 metres, the time to detect the ArUco marker was
consistently near-instantaneous (< 0.5s) across daylight, dusk, and dark conditions.
In contrast, the detection degraded rapidly at 10 metres under reduced light con-
ditions; head-on (0°) approaches largely failed, while angled approaches (45°/65°)
maintained limited effectiveness where the tag’s pixel footprint and contrast are
more favourable off-axis. These findings are explicitly quantified in Table 4.1
and the accompanying discussion, and they map directly onto known risks from
illumination variability and partial occlusion in vision-only systems.

Alignment. Visual alignment was effective at 5 metres, averaging 15 to 44
seconds, but failed at 10 metres regardless of light conditions. This highlights
the precision-range trade-off of ArUco Markers, which provide high-precision es-

timation at short ranges but cannot maintain tracking over extended distances. In
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contrast, WhyCon markers offer long-range guidance but with less precision, as
noted by Brunner et al. [1]

Landing reliability. On clear balconies, four out of five landings were suc-
cessful (80%), whereas on cluttered balconies, only three out of five succeeded
(60%). Of the two unsuccessful trials in the obstructed condition, one was safely
aborted due to insufficient free space, while the other resulted in a collision.
Using Wilson intervals with n=5 per condition, the success rates correspond to
38-96% for unobstructed balconies and 23-88% for obstructed balconies. In addi-
tion, obstructed cases exhibited substantially longer landing durations (13.3—-35.9 seconds)
due to intra-balcony free-space search, compared with approximately 5-6 seconds
on clear balconies. These outcomes and aggregated metrics are presented in Ta-
bles 4.3 - 4.5.

Acoustics. Real-world noise measurements indicate 85-78dB at a distance of
approximately 3 metres, and 47dB at 6 metres. These values indicate a consider-
able acoustic footprint at close range, comparable to urban traffic levels, which
may limit the acceptability of balcony deliveries in densely populated residential
areas.

Key Insights. A camera-only, marker-guided pipeline can achieve reliable par-
cel deliveries by briefly landing on balconies under favorable geometry and light
conditions, and it adjusts its course on cluttered balconies with abort capabilities
when no safe landing zone is available. However, performance remains inadequate
at long ranges, under low-light conditions, and in the presence of multiple obsta-

cles. These results suggest that short-range visual precision should be supported
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by supplementary sensors or estimation methods to maintain robustness under de-

teriorating conditions.

5.2 Limitations and Recommendations

The conducted research demonstrates the feasibility of camera-only and marker-
guided balcony landings within a simulated urban environment. However, several

limitations remain that suggest areas for future work:

* Monocular-only perception. The system relied solely on a single front-
facing camera, with no additional sensing methods such as depth or stereo
sensors, and vertical obstacle avoidance was not implemented. Prior work
has shown that vision-only pipelines are vulnerable to occlusion and lim-
ited depth inference [8]. Future works should incorporate lightweight depth
sensors (such as TFmini LiDAR) or monocular depth estimation with tem-
poral filtering to improve spatial awareness and ensure a safer descent on

the balcony floor [13,14].

* Small sample size. Landing trials were limited to n=5 per condition, re-
sulting in wide confidence intervals even with Wilson correction. Future
experiments should increase the trial sets across diverse balcony geometries,

lighting conditions and obstacle densities to improve statistical robustness.

* Lighting and range sensitivity. Marker detection and alignment performance
degraded sharply at 10metres under dusk and dark conditions, limiting the
reliable acquisition envelope. This confirms prior observations that illumi-
nation variability is a critical risk factor for vision-based drone operations
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[8]. Future work should investigate low-SWaP active illumination and adap-
tive exposure control or integrate additional sensing (such as LiDAR or
VIO/IMU fusion) to enhance robustness under challenging lighting condi-

tions.

Pre-scripted egress. The current exit manoeuvre followed a set of com-
mands, assuming no new obstacles appeared during the brief delivery win-
dow. Future work should investigate perception-aware, adaptive trajectory
planning (such as velocity obstacles or lightweight model predictive control)

to facilitate safe and flexible egress in dynamic balcony environments.

Simulation-heavy validation. Aside from the acoustic test, all evaluations
were carried out in simulation due to hardware limitations. Future work
should prioritise extensive field trials to verify the system’s performance
under real-world conditions, including wind, lighting variation, and urban

balcony diversity.

Acoustic footprint. Real-world measurements revealed sound levels of 85-78 dB
at ~3metres, which could impact public acceptance of balcony delivery.
Additional work should investigate quieter propulsion systems, propeller de-

signs, and operational policies to reduce noise impact.

Dependence on marker. The system requires the placement of an ArUco
marker on each target balcony railing. While this provides reliable and
computationally efficient localisation, it introduces a deployment barrier: prop-

erty owners must pre-install and maintain the markers; this limits real-world
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scalability compared with markerless visual SLAM or learning-based bal-
cony detection methods. Future research should investigate reducing or elim-
inating fiducial dependence, either through semantic scene understanding or

natural-feature-based localisation.

5.3 Closing Remark

In conclusion, this research demonstrates the feasibility of a vision-based, marker-
guided pipeline for autonomous balcony landings in dense urban areas. The sys-
tem was able to reliably detect, align, and land on uncluttered balconies and
showed the capacity to adapt to cluttered balconies through abort and search be-
haviour. However, light, distance, and lack of depth sensing severely limited per-
formance, demonstrating the fragility of monocular-only approaches.

The work contributes to the literature through an investigation at the unex-
plored case of precision balcony delivery, where traditional tethered or parachute-
based methods aren’t effective. The research creates a framework for improving
secure and effective drone delivery systems by confirming a pipeline that com-
bines marker detection, obstacle-aware ingress, and pre-scripted egress.

Future enhancements should focus on sensor fusion to enhance system robust-
ness in low visibility conditions, adaptive trajectory planning for dynamic egress,
and noise reduction to increase public acceptance of the system. To make drone
deliveries safer, more reliable, and more socially acceptable in cities like Malta
and other densely populated areas, we need to solve these problems. This will

help close the gap between research and real-world use.
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Appendix A

Chapter A: Demonstration Video and Source Code

A demonstration video was recorded to complement the experimental results. It

includes three scenarios:
1. A successful landing on an uncluttered balcony,
2. Obstacle avoidance during a cluttered balcony approach, and
3. An aborted landing due to lack of free space.

The video is available at the following link: https://youtu.be/JOc_

BEoMVuo

The full source code that controls the drone, including navigation, marker de-

tection, and landing modules, is available at the following GitHub repository:
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