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ABSTRACT

Ensuring the safety of space missions and promoting the long-term sustainability of orbital
operations necessitates efficient detection and avoidance of collisions with space debris. This
research investigates the application of various YOLO (You Only Look Once) algorithms, a
family of advanced real-time object detection models, for identifying and tracking debris in
Earth’s orbit. The methodology involves training these models on a comprehensive dataset
containing both debris and non-debris objects. Experimental results confirm that YOLO-based
models achieve high levels of accuracy, precision, and recall in detecting and classifying space
debris.

In addition to conventional object detection, this study integrates segmentation-based techniques
that enable pixel-level classification of debris objects. This enhances the granularity of detection
by allowing the extraction of detailed shape, size, and positional information. Using camera
resolution parameters, pixel-based segmentation data is converted into real-world dimensions,
supporting accurate estimation of object area, which is crucial for assessing collision risks and
informing mission planning.

The proposed detection pipeline is implemented on multiple NVIDIA Jetson platforms—including
Jetson Nano, Jetson Orin Nano, and Jetson AGX Orin—with targeted optimizations to reduce
inference latency. These enhancements enable real-time debris detection and monitoring in
embedded environments. Furthermore, the study incorporates Detectron2, a state-of-the-art
framework for instance segmentation, to further refine object localization and discrimination,
especially in scenarios involving overlapping or closely situated debris.

Beyond its space-focused application, the research demonstrates the versatility of the detection
framework by adapting it for use in unmanned aerial vehicle (UAV)-based precision agriculture.
The models originally trained for space debris are repurposed to identify and classify crops,
pests, and weeds, showcasing the flexibility of advanced vision algorithms across domains.

Overall, the findings from this study contribute significantly to the development of intelligent,
automated debris monitoring systems that enhance collision avoidance and mission planning.
Additionally, the adaptability of these models suggests broad applicability in domains such as
autonomous agriculture, environmental surveillance, and resource optimization.
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Chapter 1

Introduction

In recent years, the fusion of artificial intelligence (AI) with advanced detection technologies
has significantly reshaped the field of space exploration, offering effective solutions to the
growing issue of space debris. With Earth’s orbits becoming increasingly congested by inactive
satellites, discarded rocket components, and other debris, the risk of collisions—and their
potentially severe consequences—has escalated notably [24]. Tackling this problem demands
the implementation of intelligent, high-performance systems designed to enhance the safety of
operational spacecraft and support the sustainable use of orbital space.

Artificial intelligence has emerged as a vital role in advancing space debris management,
demonstrating exceptional capabilities in improving detection accuracy, predicting object trajectories,
and formulating effective collision avoidance strategies. By efficiently analyzing massive volumes
of data in real time, AI systems deliver critical insights that help mitigate collision risks and
optimize satellite maneuvers. The integration of AI with cutting-edge object detection frameworks,
such as YOLO (You Only Look Once) [19], has significantly propelled progress in debris
monitoring and forecasting. These advanced models excel at rapidly classifying and tracking
debris with outstanding precision, enabling real-time assessments essential for timely decision-
making in collision prevention.

When deployed on edge computing platforms—such as the high-performance NVIDIA
Jetson series—these AI-driven solutions offer ultra-low latency processing, a crucial requirement
for time-critical space operations. This setup not only ensures scalable and adaptable deployment
but also enhances space debris management by allowing immediate, on-site data analysis and
autonomous response capabilities. By leveraging AI’s full potential, this study highlights a
transformative evolution toward safer, more efficient, and sustainable space exploration [2].
AI-driven methods enable proactive strategies and more effective risk mitigation, addressing
the growing congestion in orbital environments.

Amalgamation of AI with sophisticated object identification algorithm, YOLO (You Only
Look Once), has markedly progressed the domain of debris monitoring and forecast. These
advanced technologies proficiently classify and monitor debris with exceptional speed and
accuracy, enabling real-time analysis and enhancing collision avoidance tactics. When implemented
on edge devices, such as robust platforms like NVIDIA Jetson boards[13], these AI-driven
solutions offer low-latency processing capabilities crucial for time-sensitive usage. This method
guarantees scalable and adaptable deployment alternatives, transforming space debris control
via efficient, real-time data processing and decision-making. This study highlights a significant
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transition towards safer, more efficient, and sustainable space exploration through the utilization
of AI[3], facilitating proactive reactions and enhanced risk mitigation in the increasingly congested
space environment. This technological innovation signifies a vital change in safeguarding
important satellites, space missions, and infrastructure against potential harm, hence fostering
long-term sustainability in space operations.

AI’s integration into space exploration is significantly altering operational efficacy and
mission planning. These days, sophisticated AI-driven models can improve decision-making
processes linked to satellite navigation and debris avoidance tactics, optimize resource allocate[4],
and accurately predict debris trajectories. Space missions can function more safely and effective
by utilizing these advanced technology, reducing disturbances and averting possible collisions.
These developments are not only advantageous but also necessary to preserve the sustainability
and safety of Earth’s increasingly crowded orbital environment.

Artificial intelligence and emerging technologies are reshaping the way space debris is
detected and collision risks are assessed within Earth’s orbital zones. In Low Earth Orbit
(LEO), AI-driven systems utilize satellite imagery alongside various sensor inputs to accurately
identify and classify orbital debris, allowing for rapid detection and evaluation of potential
collision threats. These intelligent solutions automate debris monitoring processes, minimizing
reliance on manual oversight and significantly enhancing space situational awareness. In addition,
autonomous tracking technologies continuously observe high-risk orbital regions, predict debris
trajectories, and assess threats to active satellites [5]. This real-time monitoring capability
enables timely implementation of collision avoidance maneuvers and supports more informed,
proactive decision-making.

These AI-powered tools significantly improve the effectiveness of risk assessment and
debris identification, giving space operations a crucial advantage. They encourage safer and
more environmentally friendly space operations by automating the identification and evaluation
of possible threats, guaranteeing prompt reactions to collision hazards [6]. In addition to
protecting priceless satellites and infrastructure, this proactive strategy supports long-term space
sustainability by successfully reducing mission hazards in an increasingly crowded orbital
environment.

Moreover, AI-powered technologies has a important role in enhancing the long-term sustainability
of space missions, particularly in addressing the escalating issue of orbital debris. The risk of
possible collisions is greatly decreased by autonomous systems with sophisticated AI capabilities,
which allow for accurate space debris identification, ongoing tracking, and efficient mitigation
techniques. AI-driven technologies contribute to the longevity and operation of orbital assets
by automating these vital procedures, protecting satellites and other vital infrastructure [21].
In increasingly congested orbital environments, where the potential of debris interference is
constantly increasing, these advancements enable space missions to function more effectively
and safely. In the end, these technologies encourage confidence in upcoming exploration and
commercialization initiatives while bolstering the long-term viability of space activities.

But these remarkable developments in AI-powered space technology are not without their
difficulties and moral dilemmas. The dual-use nature of AI, which raises geopolitical tensions
by enabling the use of the same technology that improves safety and navigation for strategic
or military objectives, is one of the main causes for concern. As space gets more congested
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and competitive, ensuring fair access to orbital resources is another urgent concern. To prevent
unforeseen ecological harm, the environmental impact of debris removal operations must also
be thoroughly evaluated. Fostering international cooperation for open data exchange and the
creation of regulatory standards is essential to the success of these projects[7].

Integrating AI into space debris detection marks a transformative advancement toward
ensuring safer and more sustainable space operations. This thorough analysis explores the
wide range of applications and noteworthy advantages that AI-driven systems offer, such as
improved tracking, detection, and risk mitigation capabilities. It also discusses the difficulties
and moral ramifications included with these technologies, including issues with environmental
effects, fair access to space, and dual-use considerations. By illuminating these facets, the
research supports the advancement and sustainability of next space operations and exploration
projects while also aiding in the larger endeavor to address the pressing and crucial problem of
space debris.

Figure 1.1: AI Subset

1.1 Robotics
Robotics is an intriguing area of study that blends engineering, computer science, and artificial
intelligence to develop smart machines known as robots. These machines are capable of
carrying out tasks either independently or with human guidance, ranging from routine, repetitive
functions to highly complex activities in a variety of settings[20]. The evolution of robotics has
spanned many decades, with numerous breakthroughs and innovations shaping the technology.

Robotics to antiquity,thinkers and inventors envisioned mechanical constructs capable of
mimicking human behavior—often influenced by mythology or built as simple automata powered
by gears and levers. Although these early machines lacked intelligence, they demonstrated a
longstanding human fascination with artificial life. It wasn’t until the 20th century, however,
that robotics began to emerge as a formal scientific field. Major advancements in the 1940s and
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1950s, particularly in computing and artificial intelligence, laid the groundwork for modern
robotics. Their contributions bridged the gap between mechanical automation and cognitive
capabilities, setting the stage for the development of robots that could think, learn, and interact
with their environment in meaningful ways.

Industrial robotics began to take form in the 1960s with the introduction of machines built
to carry out repetitive tasks in manufacturing settings. These early models were typically large
and fixed in place, operating through simple programmed instructions to complete assembly
line jobs. With advancements in technology, robotic systems evolved to include articulated
arms and integrated sensors, allowing for more accurate and adaptive performance.

1.1.1 Ground-Based Robotics:
Ground-based robotics refers to robotic systems designed to function on land or solid terrain,
offering a broad spectrum of functions and practical uses. In industrial settings, these robots are
vital for performing tasks such as assembling products, welding components, painting surfaces,
and handling materials. By automating repetitive and potentially dangerous tasks, they improve
productivity, ensure precision, and create safer working environments with minimal human
involvement.

In modern agriculture and emergency response, ground-based robots have emerged as potential
tools that improve efficiency, precision, and safety. In agriculture, specialized ground robots,
commonly referred to as agribots, are used for a variety of essential tasks such as planting seeds,
harvesting crops, and continuously monitoring field conditions.These robotic systems utilize
sophisticated sensors and AI algorithms to assess soil conditions, identify pests or invasive
weeds, and efficiently manage resources such as water and fertilizers. By empowering farmers
with actionable insights, agribots enhance crop productivity while supporting eco-friendly
farming methods that minimize environmental harm.Beyond agriculture, ground-based robots
are equally valuable in disaster response scenarios. Designed to traverse rough and hazardous
terrain, these robots help locate survivors, deliverupplies, and provide emprovideeams with
real-time situational awareness. Designed with high-resolution cameras, environmental sensors,
and communication systems, they serve as reliable assets in critical situations where human
access is limited or dangerous. Together, these applications highlight the growing importance of
ground-based robotics in supporting both everyday operations and urgent missions, showcasing
their adaptability across diverse and challenging environments.

Beyond these domains, ground-based robots are increasingly being used in healthcare,
transportation, security, and home environments. For example, surgical robots help doctors
perform intricate procedures, autonomous delivery robots streamline logistics in warehouses,
security robots monitor and protect facilities, and household robots help with routine tasks.

1.1.2 Aerial Robotics:
Aerial robots, commonly referred to as drones or unmanned aerial vehicles (UAVs), are engineered
for flight and provide distinct advantages in performing a diverse range of operations. Equipped
with cameras, sensors, and sophisticated navigation systems, these aerial machines are widely
used in industries such as photography, videography, and geographic mapping. They enable
the capture of stunning overhead imagery, land surveys, and the creation of detailed maps that
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serve numerous sectors.

Drones have emerged as essential assets in modern agriculture, supporting key activities
like crop surveillance, pest identification, and precision farming. Outfitted with cutting-edge
sensors and artificial intelligence, they deliver real-time insights into plant health, irrigation
needs, and nutrient status. This empowers farmers to manage resources more efficiently,
boost crop production, and reduce waste and environmental harm. Beyond agriculture, drones
are increasingly being deployed in sectors like disaster response, infrastructure inspection,
and logistics. In disaster-stricken areas, drones can quickly survey affected regions, assess
damage, and assist in locating survivors, all while delivering essential supplies to hard-to-reach
locations. They are also widely used to inspect infrastructure, such as bridges, power lines,
and buildings, helping to identify maintenance issues without the need for human workers to
be placed in dangerous situations. Furthermore, drones are revolutionizing last-mile delivery by
offering faster, more reliable transportation options for goods, particularly in urban environments
or remote locations. As drone technology continues to advance, their applications are expanding,
making them essential tools for improving efficiency, safety, and sustainability across a variety
of industries.

Together, both ground-based and aerial robotic technologies underscore the broad potential
and transformative impact of robotics across various industries. These innovations enhance
operational efficiency, improve safety standards, and drive higher productivity. As robotic
technologies continue to advance, they open doors for more innovative solutions, collaborative
efforts, and effective problem-solving in an ever-changing world.

1.2 Real World Application
Artificial Intelligence (AI) and robotics have transformed multiple industries, driving innovation
and enhancing productivity across various sectors. Below are some of the ways AI and robotics
are being applied in different fields:

1. Space Exploration:Robotics plays an essential role in space exploration, ranging from
autonomous rovers on Mars that gather scientific information to robotic arms that support
astronauts on the International Space Station. Spacecraft such as the Voyager probes
exemplify how robotic systems extend human reach into deep space, gather information
from distant celestial bodies, while robots are also being developed for extraterrestrial
mining and satellite maintenance. These technologies are essential for exploring and
understanding our universe, especially in environments too hazardous or distant for humans.

2. Healthcare: AI-driven medical imaging technologies help healthcare professionals diagnose
conditions like cancer with greater accuracy and speed. Additionally, robotic surgical
systems support minimally invasive operations, leading to shorter recovery periods and
enhanced patient outcomes.

3. Manufacturing: For material handling, assembly, and quality assurance, robots and artificial
intelligence are frequently used in manufacturing. Working side by side with human
employees, collaborative robots, or cobots, increase output while ensuring worker safety
on the manufacturing floor.
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4. Agriculture:AI-enabled drones and robots are used in agriculture to automate harvesting,
adjust irrigation systems, and monitor crop conditions, all of which increase output and
make better use of available resources.

5. Transportation: AI-powered autonomous vehicles are paving the way for safer, more
efficient transportation networks. Similarly, self-guided drones are increasingly employed
for delivering packages and inspecting infrastructure in hard-to-reach or remote locations.

6. Retail:AI-powered chatbots and virtual assistants improve customer service by offering
personalized recommendations and efficiently handling inquiries.Robotics is essential to
automating inventory control and streamlining warehouse operations in the retail industry.

7. Finance:Large amounts of financial data are processed by AI systems to improve portfolio
management, predict market behavior, and spot fraudulent conduct. Robo-advisers, often
known as automated financial advisors, provide clients with financial planning services
and individualized investment strategies.

8. Education:AI-driven tutoring programs adapt to the individual learning preferences and
speeds of each student to provide personalized learning experiences. Robots are being
utilized more and more in classrooms.

9. Energy: AI algorithms enhance the efficiency of energy generation and distribution by
optimizing resource usage and minimizing environmental impact. Meanwhile, robots are
utilized to perform inspection and maintenance tasks in dangerous settings like offshore
oil platforms, improving safety and operational reliability.

10. Construction:Robotics streamline construction by automating repetitive tasks such as
bricklaying, welding, and concrete pouring, which accelerates project timelines and enhances
safety on-site. At the same time, AI tools support project planning, scheduling, and
efficient allocation of resources, contributing to smoother and more cost-effective construction
management.

11. Environmental Monitoring:AI-enhanced sensors and drones are essential to conservation
efforts and efficient environmental management because they can monitor air and water
quality, study wildlife populations, and detect environmental concerns.

12. Smart City Infrastructure Inspection:AI-powered drones and robotics are essential for
inspecting and maintaining urban infrastructure, including bridges, roads, and buildings
in smart cities. These technologies conduct aerial surveys and inspections, quickly identifying
structural issues like cracks and defects, offering greater efficiency compared to conventional
methods.

In summary, the incorporation into numerous industries has a to remarkable progress,
significantly boosting efficiency, productivity, and fostering innovation. These technologies are
revolutionizing sectors by streamlining processes, enhancing precision, and enabling smarter
decision-making. As AI and robotics continue to advance, they hold immense promise in
tackling some of the most complex global challenges, from improving healthcare outcomes to
optimizing resource use in industries like agriculture and energy. Their ongoing development
offers the potential to further elevate the quality of life, creating more sustainable, safer, and
efficient systems across various domains.
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Chapter 2

Edge-Computing

In contemporary distributed AI systems, edge devices are essential because they revolutionize
the datapoints . OBC(On-board Computing) devices were mostly used as data gathering points
in their early versions, sending unprocessed data to centralized cloud servers for analysis and
processing. The era of edge computing has been ushered in by improvements in hardware
efficiency and processing power, which enable these devices to carry out intricate calculations
right on-site. Edge computing enhances traditional cloud models by decentralizing data processing
and bringing it closer to the data source, representing a major advancement in computing
paradigms. This method boosts data privacy, lowers latency, and increases the effectiveness
of AI and machine learning applications. This paradigm creates a multitude of opportunities for
various AI-driven services, from healthcare monitoring and predictive maintenance to driverless
cars and smart manufacturing,edge computing marks a groundbreaking shift in harnessing AI’s
full potential within distributed systems.

Edge computing is transforming how data is managed, processed, and distributed across
billions of interconnected devices. The rapid growth of IoT devices—such as cameras has
fueled the rise of network-edge computing. This innovative approach brings data processing
closer to its source by enabling pre-processing directly at network’s edge. By reducing reliance
on centralized cloud services, edge computing enhances data security, lowers latency, and
optimizes bandwidth usage.The deployment of high-speed networking technologies like 5G has
accelerated the adoption of edge computing by providing the speed and connectivity needed for
real-time applications. These include a range of fields such as autonomous vehicles, machine
vision, robotics, video processing, smart video analytics, and industrial inspection. With its
ability to process data locally, edge computing facilitates rapid insights and decision-making,
which are vital for operations that require immediate outcomes.

Particularly significant is the Integration of edge computing with AI and computer vision
technologies. Smart cameras, for instance, have the ability to locally analyze video streams,
allowing for real-time activities like behavior analysis, object detection, and facial recognition.
Similar to this, edge devices in self-driving cars analyze sensor data to make snap judgments.
The accompanying movie demonstrates the wide range of applications created with computer
vision systems, highlighting how edge computing has the ability to revolutionize industries and
spur technological advancement.

Edge computing emerged as a solution to the rising costs of transmitting large volumes
of data over long distances, a challenge driven by the rapid growth of IoT devices. While
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traditional cloud-based architectures were effective in many cases, they struggled to manage
the vast range of data.

As real-time applications that demand instantaneous data processing skills have grown in
popularity. Edge computing offers faster response times and decreases latency by lowering
reliance on centralized cloud services. This is crucial for applications that need to make
snap decisions.Edge computing’s capacity to lower the amount of data sent over networks
by carrying out data pre-processing at the edge is one of its biggest benefits. This causes
significant cost savings in terms of storage, energy, and bandwidth utilization in addition
to preventing network bottlenecks. Edge computing enables more efficient and sustainable
management of the growing data demands of modern interconnected systems by optimizing
data flow. This advancement underscores the essential role of edge computing as a key element
in the infrastructure of next-generation technologies.

2.0.1 Advantages of Edge-Computing Devices
Edge computing has become a game-changing approach, enabling data processing closer to
the source of generation, thereby reducing latency and improving efficiency that significantly
reduces dependence on distant central servers by bringing data processing and storage closer
to where data are created. This decentralized strategy establishes a distributed system in which
edge devices extend cloud-like functions to a network of nearby nodes. By handling data
locally, edge computing effectively reducess latency, enhancing the performance of real-time
applications. This localized processing not only increases the efficiency of the system, but also
provides organizations with a more cost-effective alternative. By limiting the amount of data
sent to the cloud, edge computing helps cut operational expenses and reduces the reliance on
centralized infrastructure.

The popularity of edge computing has been significantly influenced by the rapid growth.
Although data transmission from a single IoT device might not present many difficulties, data
transfer from many devices at once might result in network bottlenecks, increased bandwidth
costs, and latency problems. These issues are addressed by edge computing, which offers
localized storage and processing capabilities for data. By serving as gateways, these edge
devices frequently ease the load on cloud networks and guarantee more efficient operations.

Edge computing’s decentralized architecture, which increases the system’s overall resilience,
is another significant benefit. Operational continuity is ensured by the ability of individual
edge nodes to operate independently, even when offline. High dependability is a must for
mission-critical applications like artificial intelligence (AI), where this resilience is especially
important. Through the provision of a reliable, scalable, and economical framework and the
ability to analyze data in real-time, edge computing is transforming the management of data-
intensive applications in a variety of industries.

The edge-cloud architecture, powered by edge devices, creates a robust and efficient synergy
between local processing and cloud-based resources, significantly improving the performance
and capabilities of IoT systems. In this setup, edge devices handle data points. This allows
for real-time decision-making and immediate responses to local events, which is particularly
beneficial in scenarios where quick actions are required, such as in autonomous vehicles or
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industrial automation. Meanwhile, the cloud provides centralized storage, powerful computing,
and the ability to scale resources as needed. By combining the strengths of both edge and
cloud, this architecture enables greater flexibility, scalability, and reliability. It also helps
address challenges such as bandwidth limitations, network congestion, and security concerns,
optimizing IoT system performance while ensuring seamless integration between local devices
and cloud services. This balance fosters more efficient and responsive IoT ecosystems.

2.1 Raspberry Pi
The Raspberry Pi is a line of compact, cost-effective single-board computers (SBCs) created
in the UK by Raspberry Pi Ltd in partnership with Broadcom. The project was originally
introduced to encourage the teaching of basic computer science in schools and to make computing
accessible to individuals from all walks of life. However, the low cost, versatility, and open-
source nature of the Raspberry Pi quickly gained attention, leading to its widespread adoption in
various sectors far beyond education. These small yet powerful devices have become a popular
choice for hobbyists, developers, and engineers for projects ranging from home automation to
robotics, and from digital art to IoT applications. With numerous models offering varying levels
of performance, the Raspberry Pi has become a foundational tool in the maker community,
supporting innovation and experimentation across industries. Its open-source community continues
to drive new applications, making it an essential tool for learning, prototyping, and development
in a variety of fields.

Key features and aspects of the Raspberry Pi include the following:

1. Modularity: The Raspberry Pi’s design emphasizes modularity, allowing users to expand
its capabilities through various add-ons, known as HATs (Hardware Attached on Top).
This modularity promotes versatility and customization.

2. Low Cost: One of the defining characteristics of the Raspberry Pi is its affordability,
making it accessible to a broad audience, including students, hobbyists, and tinkerers.

3. Open Design: The Raspberry Pi is known for its open design, encouraging a community-
driven approach to development. The availability of technical specifications and documentation
allows users to explore and modify the hardware.

4. Use Cases: While initially intended for educational purposes, the Raspberry Pi found
applications in diverse fields. Thanks to its compact form factor and connectivity options,
it is utilized for projects ranging from weather monitoring to robotics.

5. Open Design:The Raspberry Pi is known for its open design, encouraging a community-
driven approach to development. The availability of technical specifications and documentation
allows users to explore and modify the hardware.

6. Adoption of Standards: The Raspberry Pi adopts widely used standards such as HDMI
and USB, ensuring compatibility with various peripherals and devices. This contributes
to its versatility and ease of use.

7. Educational Charity:The Raspberry Pi Foundation, formed to back the initiative, later
evolved into an educational charity. Its mission focuses on advancing computer science
education in schools, both within the UK and in developing nations.
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Figure 2.1: Raspberry Pi 4

8. Manufacturing:Raspberry Pis are predominantly manufactured in a Sony factory in
Pencoed, Wales. However, some units are also produced in China and Japan.

2.2 Jetson Boards

The innovative NVIDIA Jetson Orin Nano single-board computer was created to meet the
growing needs of edge computing and artificial intelligence applications in domains such
as embedded systems, robotics, and the Internet of Things. The Jetson Orin Nano is the
perfect platform for implementing complex AI models and real-time machine learning
solutions right at the edge, tackling issues like latency, bandwidth limitations, and real-
time processing demands thanks to its small size and powerful computing capabilities.
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At its core, the Jetson Orin Nano integrates a 128-core Maxwell GPU alongside a quad-
core ARM Cortex-A57 CPU, delivering a balanced blend of graphical and processing
power tailored for edge AI workloads. This potent combination provides the best possible
balance between parallel and general-purpose computing, which makes it ideal for demanding
AI workloads. The platform is perfect for robots, autonomous systems, and intelligent
Internet of Things applications because it effectively runs pre-trained models and facilitates
on-device training, enabling it to dynamically adapt to changing surroundings and datasets.

The Jetson Orin Nano’s smooth integration with well-known AI frameworks like TensorFlow,
PyTorch, and ONNX is one of its main advantages. For quicker development cycles,
this guarantees that developers may utilize well-known technologies and effortlessly
include pre-existing machine learning models. Furthermore, by streamlining parallel
computational tasks for use cases such as visual recognition, language understanding, and
sensor data integration, NVIDIA’s CUDA-X support increases the system’s adaptability.

Impressive technical components on the smartphone include 8 GB of RAM to manage
demanding multitasking and advanced AI algorithms. Developers may attach a variety
of peripherals, sensors, and actuators thanks to its wide range of connectivity choices,
which include Gigabit Ethernet, HDMI, USB 3.0, and GPIO pins. Specifically, the GPIO
pins are crucial for developing unique solutions in embedded systems, robotics, and the
Internet of Things, where smooth hardware-software interaction is crucial.

The Jetson Orin Nano has a powerful performance despite its tiny and energy-efficient
form factor. For high-resolution visual applications like video analytics, surveillance,
and autonomous systems, its capabilities for 4K video encoding and decoding makes it a
great option. Because of its low power consumption, it can be used in areas with limited
resources, including mobile robotics and distant monitoring stations.

In summary, the NVIDIA Jetson Orin Nano is a powerful and versatile AI platform
designed to meet the diverse requirements of edge-based applications.It is a great alternative
for developers and researchers due to its powerful GPU, support for popular AI frameworks,
and wide range of networking choices. The Jetson Orin Nano gives creators the means
to achieve cutting-edge AI applications, whether they are driving autonomous systems,
providing intelligent IoT solutions, or speeding up robotics breakthroughs.

To address a variety of AI and edge computing demands, NVIDIA has created a line
of Jetson boards, each of which was created with particular use cases and performance
requirements in mind. These boards are becoming essential components of embedded AI
solutions, robotics, IoT, and autonomous systems applications. The Jetson series serves
developers, researchers, and industries looking for scalable AI platforms by providing
several levels of processing power, memory, and connection.

(a) Jetson Nano: The Jetson Nano is a beginner-friendly board tailored for enthusiasts
and entry-level users, well-suited for foundational AI tasks such as object detection,
computer vision, and basic robotics. Its small size and budget-friendly cost have
made it a favored option for developers exploring edge AI projects.

(b) Jetson Xavier NX: The Jetson Xavier NX is a compact yet highly capable module,
equipped with a Volta GPU featuring 384 CUDA cores, a six-core Carmel ARM
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Figure 2.2: Jetson-Orin Nano

CPU, and dual NVDLA deep learning accelerators. It is specifically designed to
handle AI workloads efficiently, even in space-constrained environments.

(c) Jetson AGX Xavier: Positioned as a high-performance board, the AGX Xavier
is equipped for compute-intensive tasks like autonomous driving, high-resolution
video processing, and AI-driven industrial automation. It provides the computational
power required for complex AI workloads and large-scale deployments. Several
other boards are there Orin nano and Orin agx are most new one.
Each of these Jetson boards comes with NVIDIA’s comprehensive software ecosystem,
including the JetPack SDK, which simplifies development by offering pre-optimized
AI frameworks, libraries, and tools. This variety allows developers to select the
Jetson board that best fits their project’s specific computational and operational
requirements, fostering innovation across industries and research domains.
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Chapter 3

Computer Vision

3.1 Introduction

Computer vision is an evolving discipline within artificial intelligence that enables machines
to interpret and understand visual information, mimicking the capabilities of human
sight. It is centered on creating advanced computational methods and models that can
analyze and derive insights from diverse visual sources, including photographs, video
footage, and three-dimensional data. By combining approaches from digital image analysis,
pattern detection, and machine learning, computer vision supports functionalities such
as recognizing objects, identifying faces, segmenting images, tracking movement, and
reconstructing environments. These abilities equip systems to perceive and respond to
visual stimuli in a manner akin to human vision.

Advancements in deep learning, particularly the neural networks, has a important
in the evolution of computer vision, significantly enhancing the accuracy of feature
extraction and image classification. The synergy between these breakthroughs ,high-
performance computing resources like GPUs, has propelled the field to new heights. As
a result, computer vision is now a important tool to a various transformative applications
across various industries. In healthcare, it aids in the analysis of medical images, improving
early disease detection through tools like MRI and X-ray interpretation. In autonomous
vehicles, computer vision drives real-time object detection, lane tracking, and pedestrian
recognition, ensuring safer navigation. The retail sector uses computer vision for visual
search, efficient inventory management, and personalized shopping experiences. Additionally,
security systems leverage computer vision for facial recognition and behavioral analysis
in surveillance, enhancing safety and monitoring capabilities.

Despite its achievements, computer vision faces significant challenges. Systems must
generalize across diverse conditions, such as varying lighting, occlusions, or viewpoints,
which often degrade performance. The reliance on vast annotated datasets poses scalability
issues, as manual labeling is time-consuming and costly. Additionally, computational
complexity demands efficient algorithms to enable real-time applications on resource-
constrained devices. Ethical concerns are equally pressing—biases in facial recognition
models, for instance, raise questions about fairness, while widespread surveillance applications
spark privacy debates. Addressing these issues requires innovative approaches, such as
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unsupervised learning, domain adaptation, and robust ethical frameworks.

Ongoing research aims to overcome these hurdles by improving model robustness,
reducing data dependency, and enhancing interpretability. Emerging trends, including
vision transformers and generative models, promise further advancements in understanding
complex visual scenes. This thesis investigates [specific focus of your thesis], contributing
to the field by tackling [specific problem or innovation]. Through this exploration, we
seek to advance the theoretical underpinnings and practical utility of computer vision,
fostering systems that are more accurate, equitable..

3.2 Conventional Computer Vision

Traditional computer vision refers to the foundational methods and techniques developed
before the widespread adoption of Neural Networks . While these deep networks has
greatly advanced the use cases, many of these earlier methods remain crucial and continue
to underpin various computer vision applications. These techniques rely on manually
crafted features, mathematical models, and algorithms to analyze visual data. Rooted
in image processing, geometric concepts, and pattern recognition, traditional methods
enable machines to interpret and process visual information.

3.2.1 Key Techniques in Conventional Computer Vision

(a) Feature Extraction: Machine vision techniques focus on identifying key features
within images through methods like edge detection, corner detection, and texture
analysis. These features, which highlight essential visual elements such as shapes,
patterns, and boundaries, form the foundation for further image interpretation and
analysis.

(b) Object Detection and Tracking: Object detection involves locating predefined
objects or patterns within images using methods such as template matching, histogram
analysis, and sliding window approaches. Once detected, object tracking algorithms
like Kalman filters and optical flow methods are used to follow the movement of
these objects over time.

(c) Image Segmentation: Segmentation refers to the technique of partitioning an image
into distinct and relevant sections. Traditional segmentation techniques include
thresholding, region growing, and clustering methods such as k-means, which help
isolate significant regions of interest in an image.

(d) Camera Calibration and 3D Reconstruction: Traditional computer vision also
includes geometric techniques for camera calibration and 3D reconstruction. By
leveraging known relationships between cameras and scenes, these methods estimate
camera parameters and generate 3D models from multiple 2D images.

Traditional computer vision methods are widely utilized in fields such as robotics,
surveillance, medical diagnostics, and industrial automation. These techniques are particularly
effective in environments with limited computational resources or where real-time processing
is essential. Despite their effectiveness, traditional approaches often struggle with complex
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Figure 3.1: Machine Learning-Based Computer Vision

tasks requiring advanced reasoning or semantic understanding—areas where deep learning
methods generally excel.

Although deep learning has become the leading approach in computer vision, traditional
methods still hold significant value, especially in applications that prioritize interpretability,
computational efficiency, or where domain-specific knowledge is crucial. Future advancements
in the field are likely to concentrate on different models to integrate techniques with
Neural Networks, aiming to combine their respective strengths and overcome individual
limitations.
Overall, conventional computer vision has provided the foundational framework for the
field, offering reliable and explainable solutions to a variety of visual processing tasks.
While deep learning continues to drive innovation, traditional methods remain an essential
part of the computer vision landscape, contributing to more adaptable and comprehensive
solutions for real-world problems.

3.3 Machine Learning-Based Computer Vision

Machine learning (ML) has helped expand the field of computer vision by allowing
systems to analyze and understand visual content. Common ML methods such as support
vector machines (SVMs), decision trees, and random forests are used to extract features
from images or videos, supporting tasks like object detection, image classification, facial
recognition, and segmentation. One of the strengths of ML-based computer vision is its
flexibility, making it suitable for use in different domains and practical scenarios.

A critical aspect of machine learning-based computer vision is feature engineering,
includes identifying and focuses on visual attributes—such as edges, textures, shapes,
or colors—to differentiate between different categories. After extracting these features,
machine learning models are trained on labeled datasets, learning the relationships between
features and their corresponding outputs. The training process is iterative, with the
model’s parameters refined to minimize prediction errors until the desired performance
is reached.

Machine learning methods bring several benefits, such as being easier to interpret,
more efficient, and well-suited for smaller data collections. These algorithms typically
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require less computational power compared to deep learning models, which makes them a
practical choice for real-time systems or environments with limited hardware capabilities.
Nonetheless, they may not perform well in tasks that demand advanced or abstract reasoning,
since they depend on manually selected features. Furthermore, when the training dataset
lacks variety or sufficient coverage, these models may overfit, leading to poor results on
new or unseen data. Even with these limitations, machine learning remains a valuable
component of computer vision, often serving as a complement to deep learning in many
practical uses.

Within computer vision systems driven by machine learning, numerous conventional
algorithms are applied to perform functions such as image categorization, object recognition,
and image partitioning—without relying on deep learning techniques. Some commonly
used machine learning models include:

(a) Support Vector Machines (SVM): Support Vector Machines (SVMs) are frequently
applied in computer vision for two-class classification problems. They are especially
suitable for tasks such as identifying objects and sorting images, as they work by
determining the most effective decision boundary that distinctly divides classes
within the feature space.

(b) Decision Trees: Decision trees are versatile models that recursively partition the
feature space based on input feature values. In computer vision, they are applied to
both classification and regression tasks, providing an interpretable structure that is
easy to understand.

(c) Random Forests: Random forests, which consist of multiple decision trees working
together, enhance predictive performance and consistency. They are extensively
employed in computer vision tasks including identifying objects, dividing images
into regions, and selecting relevant features.

(d) K-Nearest Neighbors (KNN): K-Nearest Neighbors (KNN) is a straightforward
but efficient technique commonly applied to classification and regression problems
in computer vision. For classification, it determines the category of a data point
based on the most frequent label among its k closest neighbors, while for regression,
it calculates the average value of those nearby points.

(e) Naive Bayes: Naive Bayes is a statistical classification method grounded in Bayes’
theorem, operating under the assumption that input features are independent of one
another. Although the approach is relatively simple, it is still frequently utilized
in computer vision for tasks such as recognizing objects and categorizing images,
thanks to its speed and reliable performance.

(f) Logistic Regression: Logistic regression is a linear algorithm employed for tasks
involving two-class classification in computer vision. It estimates the likelihood of
one of two possible outcomes, making it ideal for tasks like classifying images and
recognizing faces.

(g) Hidden Markov Models (HMM): HMMs are probabilistic models often used for
analyzing sequential data in computer vision. They are particularly useful for tasks
like gesture recognition, activity tracking, and video analysis.

(h) Gaussian Mixture Models (GMM): GMMs are probabilistic models employed for
clustering and density estimation in computer vision. They are commonly applied
to tasks such as image segmentation, object tracking, and background subtraction.
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Figure 3.2: Deep Learning based Computer Vision

These models represent only a subset of the machine learning algorithms used in
computer vision. Each model has its own strengths and limitations, and the choice of
model depends on factors like data type, task complexity, and available computational
resources.

3.4 Deep Learning-Based Computer Vision

Deep learning (DL) has brought about a major transformation in the domain of computer
vision, unlocking advanced capabilities for processing and interpreting visual data. By
utilizing deep neural networks with multiple layers, DL models can automatically extract
complex feature representations directly from pixel data, eliminating the need for manual
feature engineering. This ability allows systems to recognize intricate patterns and connections
in images or videos. The adoption of DL in computer vision began in the early 2010s,
marked by the success of convolutional neural networks (CNNs) in image classification
tasks. Pioneering models such as AlexNet, VGG, and ResNet significantly improved
accuracy and performance on popular datasets like ImageNet, laying the groundwork for
the widespread use of deep learning in visual tasks.

Fundamental Concepts in DL-Powered Computer Vision:

(a) Convolutional Neural Networks (CNNs): CNNs form the backbone of DL-based
computer vision. These networks facilitate the automatic learning of feature hierarchies
from images through multiple layers of convolutions, pooling, and non-linear activations.
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CNNs have demonstrated remarkable success in tasks like image classification,
object detection, and semantic segmentation.

(b) Transfer Learning: Transfer learning accelerates the development of deep learning
models by utilizing pre-trained models, which were initially trained on large-scale
datasets. These models can be fine-tuned or used as feature extractors for smaller,
domain-specific datasets, thereby reducing training times and boosting performance
on specialized tasks.

(c) Recurrent Neural Networks (RNNs): RNNs are designed for sequential tasks
where the temporal order of data is crucial, such as video analysis or caption generation.
Variants like Long Short-Term Memory (LSTM) and Gated Recurrent Units (GRU)
help capture long-term dependencies and temporal patterns in sequential data, making
them valuable for time-series analysis or video content processing.

(d) Generative Adversarial Networks (GANs): GANs are a class of models that
generate realistic data by setting up a competition between two networks—one that
creates data and another that evaluates its authenticity. GANs are extensively used
in applications like image generation, style transfer, and data augmentation, where
they can generate entirely new images or modify existing ones to match specific
characteristics.

DL-based computer vision offers various advantages over traditional machine learning
techniques:

(a) End-to-End Learning: Deep learning models automatically learn feature hierarchies
from raw inputs, negating the need for manual feature extraction. This all-encompassing
approach leads to robust models capable of detecting complex patterns in visual
data.

(b) Feature Hierarchies: DL models learn to represent data in a layered manner, with
lower layers identifying fundamental visual features (such as edges and textures),
while higher layers understand more advanced patterns, like object shapes and scene
contexts. This hierarchical structure enables DL systems to excel in a wide range
of computer vision tasks.

(c) Scalability: Deep learning models are well-suited to handle large-scale applications,
efficiently processing massive datasets with millions of images. Modern frameworks
like PyTorch and TensorFlow facilitate the training and deployment of these models
on a large scale.

(d) Transfer Learning and Fine-Tuning: One of the key benefits of DL in computer
vision is the ability to quickly deploy models on specific tasks with minimal data by
fine-tuning pre-existing models. This significantly accelerates model development
and reduces the need for large labeled datasets.

However, DL-based computer vision faces several challenges:

(a) Data Demands: Deep learning models require vast amounts of labeled data to
perform at a high level, which can be difficult and costly to acquire, particularly for
niche applications.
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(b) Computational Demands: Training DL models requires considerable computational
power, including high-performance GPUs or TPUs. Additionally, running inference
on complex DL models, especially in real-time applications, can demand significant
processing capabilities.

(c) Interpretability: Due to their intricate, multi-layered structure, DL models are
often considered ”black boxes,” making it challenging to interpret their decision-
making processes. This lack of transparency can lead to concerns, particularly in
critical areas such as autonomous driving or healthcare.

(d) Overfitting and Generalization: DL models can easily overfit, particularly when
trained on noisy or limited datasets. To ensure good generalization and robustness,
techniques such as hyperparameter optimization, data augmentation, and regularization
are essential.

The future of DL-based computer vision looks promising, with ongoing research
aimed at improving the interpretability, efficiency, and robustness of DL models. New
architectures and approaches are also being explored to address more complex visual
recognition tasks, positioning this field as one of the most dynamic areas in artificial
intelligence.

To conclude, deep learning-based computer vision has revolutionized the way machines
perceive and interact with visual information. By learning hierarchical feature representations
directly from raw data, deep learning systems can perform tasks such as object detection,
semantic segmentation, and image classification with unprecedented accuracy. With
continuous progress, these systems are expected to transform industries ranging from
self-driving cars to healthcare, enabling machines to interpret and respond to the visual
world in ways akin to human perception.
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Chapter 4

Object Detection

4.1 Introduction to Object Detection

Object detection is core component of Machine vision that integrates primary tasks:
concentrating the category of objects present image (classification) and determining their
precise location (localization). In contrast to conventional image classification, which
labels an entire image with a single tag, object detection offers a more detailed analysis
by identifying various objects within the image and placing each one inside a bounding
box that specifies its spatial location. This combination of classification and localization
enables a comprehensive interpretation of visual data and plays a critical role in extracting
structured information from complex and dynamic environments.

The significance of object detection extends well beyond academic research, finding
impactful applications across a diverse range of usecases. In Navigation systems, for
example, detection is used to identify vehicles, traffic lights, and road signs, thereby
supporting real-time decision-making and collision avoidance. In the field of medicine,
it aids in the analysis of radiological images by detecting anomalies such as tumors or
fractures, leading to earlier and more accurate diagnoses. The retail sector benefits from
object detection through automated inventory tracking, shelf management, and cashier-
less checkout systems. Furthermore, Object detection enables intelligent monitoring by
recognizing unauthorized access, suspicious objects, and abnormal behavior in real time.

These examples underscore the versatile and transformative potential of object detection.
As deep learning Methods continue to evolve, Precision, speed, and robustness of object
detection models steadily improving, opening new possibilities for automation, safety,
and decision support in real-world systems.

4.2 Historical Development of Object Detection

The evolution of object detection has transitioned from traditional computer vision techniques
to advanced deep learning-based methods. Early methods were rooted in manually
crafted features and statistical models. Algorithms such as Haar-like features combined
with AdaBoost classifiers, and Histogram of Oriented Gradients (HOG) followed by
Support Vector Machines (SVM), formed the foundation of classical object detection.
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Despite their simplicity and computational efficiency, these early methods had significant
limitations. Their performance was highly sensitive to environmental conditions like
lighting, occlusions, and background clutter. Moreover, they lacked the generalization
power required for detecting diverse objects in complex scenes.

4.3 Object Detection Methodologies

Object detection algorithms are divided into two main classes: traditional Feature based
approaches and Neural Network based approaches. Each class encompasses a variety of
techniques tailored to different performance requirements and computational constraints.

4.3.1 Traditional Techniques

(a) Haar Cascade Classifiers: Introduced by Viola and Jones, this method uses Haar-
like rectangular features evaluated rapidly using an integral image representation.
A cascade of simple classifiers is employed to quickly discard non-object regions,
enabling real-time detection of specific objects like human faces.

(b) Histogram of Oriented Gradients (HOG): HOG descriptors encode local gradient
orientation information, which is effective for capturing the shape and edge structure
of objects. Combined with linear SVM classifiers and a sliding window mechanism,
HOG proved successful for pedestrian detection and similar tasks.

(c) Template Matching: This method includes a object template across picture ,then
computing a similarity measure at each location. Although simple, template matching
is limited to detecting rigid, scale-invariant objects.

(d) Sliding Window Approach: The image is scanned using windows of varying sizes.
At each position, features are extracted and evaluated using a classifier. While
comprehensive, this method is computationally expensive, particularly for high-
resolution images.

4.3.2 Deep Learning-Based Techniques

Deep learning has upgarded the field of object detection by activating the extraction and
utilization of high-level features through deep convolutional neural networks (CNNs).
These networks have the capacity to learn rich, hierarchical representations of image
content, enabling greater robustness and accuracy than traditional feature engineering
techniques. Broadly, deep learning-based object detection methods fall into two categories:
two-stage detectors and one-stage detectors.

(a) Two-Stage Object Detectors: These detection models approach the task in two
consecutive phases. Initially, they generate potential object-containing regions known
as proposals. In the next step, each proposed region is categorized, and its bounding
box coordinates are fine-tuned for accuracy.

• R-CNN (Region-based Convolutional Neural Network): This framework
utilizes selective search to extract roughly 2000 region proposals from an image.
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Figure 4.1: Illustration of Object Detection Output with Bounding Boxes and Labels

Each proposed region is resized and individually processed through a CNN
to generate feature representations. These features are then classified using a
support vector machine (SVM), while bounding box adjustments are handled
via linear regression. Although R-CNN delivers strong accuracy, it suffers from
slow training and inference speeds due to repetitive CNN computations across
overlapping regions.

• Fast R-CNN: To address the performance limitations of R-CNN, Fast R-CNN
computes a unified convolutional feature map for the entire image. Features
for each region proposal are extracted using a Region of Interest (RoI) pooling
layer, avoiding redundant computations. These features are then passed through
fully connected layers for object classification and bounding box refinement,
resulting in significantly faster processing and training times.

• Faster R-CNN: Faster R-CNN incorporates a Region Proposal Network (RPN),
a compact CNN that shares convolutional features with the detection pipeline.
The RPN replaces selective search by learning to generate region proposals,
allowing the entire detection system to be trained jointly. This advancement
results in a more cohesive and efficient architecture without compromising
accuracy.

(b) One-Stage Object Detectors: In contrast to two-stage methods, one-stage detectors
bypass the proposal generation phase and instead treat detection as a direct prediction
problem. They simultaneously estimate object class probabilities and bounding box
coordinates from the input image, enabling faster inference—ideal for real-time
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scenarios.

• YOLO (You Only Look Once): YOLO segments the input image into an S×S
grid, where each cell predicts a set of bounding boxes along with confidence
scores and class labels. Due to its streamlined architecture, YOLO achieves
impressive processing speed, making it suitable for real-time use. However,
earlier versions exhibited weaknesses in detecting small-scale objects and produced
lower localization precision.

• SSD (Single Shot MultiBox Detector): SSD enhances the YOLO approach
by performing detection at multiple resolutions using different convolutional
layers. It employs a series of predefined anchor boxes across various feature
maps, predicting both object categories and bounding box locations. This
hierarchical strategy allows SSD to better capture objects of different sizes
while preserving real-time performance.

4.4 Advanced Architectures and Improvements

The landscape of object detection has rapidly evolved with the introduction of novel
architectural enhancements designed to improve both speed and accuracy. These advancements
often address limitations such as scale variance, class imbalance, and the need for precise
object localization.

4.4.1 Feature Pyramid Networks (FPN)

Identifying objects of different sizes within a single image continues to be a significant
challenge in object detection. Feature Pyramid Networks (FPNs) address this issue by
constructing a multi-level feature representation that merges high-level, low-resolution
features with low-level, high-resolution features. This is achieved through a top-down
pathway complemented by lateral connections, enabling the model to utilize contextual
information across multiple scales. FPNs have become an essential component in current
object detection frameworks and are frequently integrated with both single-stage and
two-stage detectors to enhance detection performance across varied object sizes.

4.4.2 RetinaNet

RetinaNet is a single-stage object detection model that effectively tackles the issue of
class imbalance through the introduction of a specialized focal loss function. In typical
detection scenarios, the quantity of background (negative) instances significantly exceeds
that of object (positive) instances, which can hinder effective model training. The focal
loss mitigates this by reducing the weight of easily classified negatives and emphasizing
the harder, incorrectly predicted samples. As a result, RetinaNet is able to deliver accuracy
on par with two-stage detectors while retaining the computational efficiency characteristic
of one-stage approaches.
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4.4.3 Mask R-CNN

Mask R-CNN builds upon the Faster R-CNN framework by incorporating an additional
parallel pathway dedicated to generating segmentation masks alongside object classification
and bounding box prediction. This extra component leverages a compact fully convolutional
network (FCN) to produce detailed, pixel-level masks for individual instances, effectively
transforming the model into an instance segmentation solution. Due to its modular and
extensible architecture, Mask R-CNN can be easily adapted for related tasks such as
keypoint localization and dense pose estimation.

4.4.4 EfficientDet

EfficientDet represents a new generation of scalable and efficient detectors. It leverages
EfficientNet backbones, which are neural networks optimized for performance-to-parameter
ratio, and a bi-directional Feature Pyramid Network (BiFPN) for improved feature fusion.
Moreover, EfficientDet introduces scaling to uniformly resolution. This results in a
family of models that can be tailored for specific hardware constraints, from mobile
devices to data centers.

4.5 Applications of Object Detection

The versatility and maturity of object detection techniques have enabled their deployment
a array of scenarios. These applications are transforming industries by automating processes,
enhancing safety, and improving decision-making accuracy.

(a) Autonomous Vehicles: Object detection is critical for the perception system of
self-driving cars. It identifies pedestrians, vehicles, traffic lights, and road signs in
real-time, supporting tasks such as lane keeping, obstacle avoidance, and adaptive
cruise control.

(b) Security and Surveillance: In surveillance systems, object detection automates the
monitoring of public and private spaces. It enables the identification of intrusions,
unattended objects, suspicious behaviors, and can trigger real-time alerts, significantly
improving response times and situational awareness.

(c) Retail and Inventory Automation: Object detection supports checkout-free shopping
by recognizing products on shelves or in customer baskets. It also aids in shelf
analytics by monitoring product placement, stock levels, and planogram compliance,
thereby streamlining store operations.

(d) Medical Imaging: In healthcare, object detection assists in locating and identifying
abnormalities such as tumors, fractures, or lesions in X-rays, MRIs, and CT scans.
This not only enhances diagnostic accuracy but also reduces workload for medical
professionals.

(e) Manufacturing and Industrial Inspection: Automated quality control systems
use object detection to spot defects in products, verify assembly line configurations,
and guide robotic arms. This minimizes human error and maintains high production
standards.
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(f) Traffic and Urban Planning: By detecting and tracking vehicles and pedestrians in
traffic footage, city planners can assess congestion patterns, optimize traffic signals,
and improve public safety. Violation detection such as red-light running or illegal
parking can also be automated.

(g) Agriculture: Precision agriculture leverages drones equipped with object detection
models to monitor crop health, identify pest infestations, and estimate yields. This
data-driven approach enables farmers to make timely interventions and improve
sustainability.

(h) Infrastructure Monitoring: Civil infrastructure such as bridges, dams, and pipelines
can be inspected using computer vision systems. Object detection helps identify
cracks, corrosion, or other structural anomalies from image or video feeds, enabling
predictive maintenance and reducing failure risks.

4.6 Conclusion

The domain of object detection has undergone significant evolution, transitioning from
traditional approaches based on hand-crafted rules and template matching to highly sophisticated
deep learning-based techniques. The emergence of Convolutional Neural Networks (CNNs)
represented a major breakthrough, allowing systems to autonomously extract hierarchical
feature representations from input data and achieve high accuracy in object localization
and recognition tasks. Subsequent innovations, including the implementation of Feature
Pyramid Networks (FPNs) for handling objects at multiple scales and the creation of
single-stage detectors such as YOLO and SSD for achieving real-time inference, have
greatly improved the efficiency and effectiveness of modern object detection architectures.

Object detectors are capable of handling complex scenes, occlusions, and varying
object sizes with impressive robustness. These capabilities have fueled wide adoption
across domains such as autonomous navigation, robotics, smart surveillance, and medical
imaging. As the research community continues to explore new architectures, optimization
techniques, and data augmentation strategies, object detection models are expected to
become even more efficient and context-aware.

Looking ahead, the future of object detection is poised for further breakthroughs.
Emerging trends such as transformer-based models, self-supervised learning, and edge
deployment are likely to redefine the capabilities of detection systems. These innovations
will empower machines with enhanced perceptual abilities, enabling them to interact
more intelligently with their environments. The ongoing evolution of object detection
promises not only to deepen our understanding of visual data but also to unlock transformative
applications across diverse industries—ranging from precision agriculture and industrial
automation to advanced driver-assistance systems (ADAS) and next-generation healthcare
diagnostics.
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Chapter 5

Space Debris

Space Debris,oftenly called as ”Space junk” refers to a variety of non-operational objects
that orbit the Earth, such as shattered bits from collisions or explosions, abandoned rocket
parts, and dormant satellites. The amount of junk in Earth’s orbit has become a major
concern for the global space community due to the increase in satellite launches and space
missions brought on by our increasing reliance on satellite-based technology. Satellites,
spacecraft, and facilities like the International Space Station (ISS) are at serious risk
from the millions of debris particles that now inhabit several orbital zones, including
Low Earth Orbit (LEO), Medium Earth Orbit (MEO), and Geostationary Orbit (GEO).

Due of their extraordinarily high speeds (up to 28,000 km/h), even little pieces of these
objects can inflict catastrophic damage when they collide. Critical services including
communication, navigation, weather monitoring, and scientific observation may be lost
as a result of collisions between debris and operating equipment. Furthermore, every
collision may produce more debris, which might result in the Kessler Syndrome, a cascade
effect that could make some orbital zones useless.

Researchers and space agencies are actively developing advanced strategies to identify,
predict, and mitigate the risks posed by space debris. While ground-based systems such
as radar installations, optical telescopes, and orbital sensors remain fundamental for
tracking debris, cutting-edge technologies like AI-driven computer vision and autonomous
drones are being explored for real-time detection and potential debris removal missions.

Addressing the growing challenge of space debris is essential to ensure the continued
safety and sustainability of space missions, protect critical satellite networks, and prevent
collisions that could endanger human life and valuable space assets.

5.1 Space Debris Detection

Space debris detection involves identifying and tracking non-operational satellite subsets
in Earth’s orbit, including inactive satellites, discarded mission stages, and particles
resulting from collisions, degradation, or breakups. This process utilizes a range of
technologies, such as ground-based radar, optical telescopes, space-based sensors, and
sophisticated algorithms, to monitor satellite orbits and detect potential threats posed by
hazardous debris to active spacecraft and the International Space Station (ISS). Effective
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Figure 5.1: Projected number of objects in different Earth orbits

detection of space debris is vital for ensuring the continued safety and sustainability
of space activities, playing a crucial role in areas like aerospace engineering, satellite
communication, and space exploration.

The following are some ways that space debris monitoring improves space operations:

(a) Early detection of hazardous objects: Early identification of space debris, especially
objects that pose a risk of collision, enables space agencies and satellite operators
to implement preemptive measures. These include executing evasive maneuvers,
adjusting satellite orbits, or issuing alerts to other operators. Timely detection helps
avoid catastrophic events like the destruction of operational satellites or fragmentation
events that further worsen the space debris problem.

(b) Improved mission reliability: By continuously monitoring the space environment,
agencies can better plan and maintain the reliability of space missions. Avoiding
even small debris (as small as 1 cm) is crucial since high-velocity impacts in orbit
can cause serious damage or system failure. Reliable detection helps extend satellite
lifespans and reduce risks to ongoing missions.

(c) Optimisation of orbital traffic management: The number of satellites in low
earth orbit (LEO), medium earth orbit (MEO), and geostationary orbit (GEO) has
increased dramatically. Tracking and detecting debris helps with orbital slot allocation
optimization, congestion reduction, and safe satellite traffic management. This is
especially important because of how crowded LEO has gotten with satellite mega-
constellations.

(d) Increased space safety: Crewed missions, such as those aboard the International
Space Station (ISS), are at risk from even millimeter-sized debris due to their high
relative velocities. Detecting and cataloging these objects enhances astronaut safety
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and protects critical onboard systems. It also ensures a safe environment for spacewalks,
docking operations, and future deep-space missions.

(e) Enhanced operational performance: Knowledge of the surrounding debris environment
allows engineers to design spacecraft with better shielding and to choose orbital
altitudes that minimize collision risk. This optimization improves mission efficiency,
reduces fuel consumption (by minimizing unplanned evasive maneuvers), and increases
the overall effectiveness of space assets.

Finding space trash enhances mission success, safety, and the long-term viability of
satellite services and space research. More safe, effective, and economical space activities
can result from early orbital danger identification and response.

Several space debris detection techniques are employed globally by space organizations
and research institutions. Common techniques include:

(a) Ground-based radar tracking: Ground-based radar systems are essential for detecting
and monitoring space debris, especially in Low Earth Orbit (LEO), where debris
concentration is highest. These systems, work by emitting radio waves toward
orbiting objects. When the waves strike a piece of debris, some of the waves bounce
back and are captured by the radar. By examining the time delay and frequency shift
of the returned signals, the radar system can calculate the object’s distance, speed,
and trajectory. While radar is highly effective at tracking larger debris (typically
objects over 10 cm in LEO), it faces challenges when detecting smaller or more
distant debris, particularly in higher orbits.

(b) Optical telescopic observation: This technique involves the use of ground-based
or space-based telescopes equipped with high-resolution optical sensors to detect
sunlight reflected from debris objects. Optical tracking is particularly useful in
Geostationary Orbit (GEO), where radar effectiveness decreases due to the long
distances involved. By taking a series of images over time, the movement of debris
can be monitored and analyzed. However, the effectiveness of this method has
limitation due to weather conditions, the availability of daylight, and the Earth’s
shadow, which can hinder visibility.

(c) Space-based sensors: Satellites with specialized sensors, such as visible-light cameras,
infrared detectors, and LiDAR systems, can directly observe debris from space,
offering closer proximity and fewer atmospheric interferences. These sensors deliver
real-time data from orbital heights, which are challenging for ground-based systems
to track consistently. This approach of in-situ monitoring enhances detection precision
and provides a wider field of view, making it especially effective for tracking fast-
moving or difficult-to-detect objects.

(d) Laser ranging systems: Laser tracking, also known as Satellite Laser Ranging
(SLR), involves firing precisely timed laser pulses at debris objects. The technique
provides highly accurate measurements of an object’s position and velocity. Laser
systems are increasingly employed to enhance orbital data of known debris and
calibrate other tracking systems. However, laser ranging typically requires high-
quality optical systems and clear atmospheric conditions. Currently, it is most
effective for tracking objects with retro-reflectors, though research is ongoing to
improve the tracking of non-cooperative targets.
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Figure 5.2: Training Dataset Testimony

(e) Computer vision-based techniques: Computer vision, bolstered by artificial intelligence
(AI) and machine learning (ML), is transforming space debris detection. These
techniques analyze large volumes of visual data from ground-based or satellite
sensors to identify and classify debris. Deep learning algorithms can recognize
debris patterns, track trajectories, and even predict potential collisions with unprecedented
speed and accuracy. Moreover, AI models can process real-time data streams to
automate detection and reduce the manual workload on operators, making it suitable
for Space Enviroment enhancement.

(f) Simulation and predictive modeling: In addition to physical detection methods,
simulation and predictive modeling are essential for understanding and anticipating
debris behavior. These techniques involve using mathematical models and historical
data to simulate the orbital evolution of debris fields. By forecasting the paths of
debris fragments, space agencies can predict conjunction events (potential collisions),
assess long-term risks, and make decisions about spacecraft maneuvering. These
models are crucial in developing mitigation strategies and understanding the impact
of events like satellite breakups or ASAT (anti-satellite weapon) tests.

Recent enhancements in AI and Machine vision have greatly enhanced the ability to
detect space debris in real time. However, challenges remain, such as limited visibility
during Earth’s shadow periods, real-time data processing at scale, and debris too small to
be detected by traditional means.

To address these limitations, autonomous drones and spacecraft are being explored as
innovative solutions. These in-orbit robotic units can independently maneuver through
space, approach potentially hazardous debris, capture high-resolution images, and conduct
close-up inspections—capabilities that surpass those of ground-based systems. Such
technologies hold significant potential for Active Debris Removal (ADR) missions and
for enhancing real-time monitoring of space traffic.

5.1.1 Computer vision-Based Techniques

An essential part of computer vision is object detection, which enables systems to locate
and identify certain things inside picture or video frames in order to evaluate visual data.
Object detection uses bounding boxes to identify several items and pinpoint their precise
locations, in contrast to image classification, which labels a whole image. Applications
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needing precise, real-time decision-making and spatial awareness must have this capacity.

Object identification is essential in space exploration to address the growing problem of
space debris. Sophisticated algorithms, such YOLO (You Only Look Once), are used to
precisely identify the positions of different kinds of debris in Earth’s orbit while detecting
and classifying them according to size, type, and velocity. In order to protect satellites
and spacecraft, this information is essential for assessing collision risks and creating
avoidance plans.

In addition to preventing collisions, object identification helps with trajectory prediction,
ongoing debris monitoring, and the enhancement of automated debris removal systems[13].
Combining object detection with edge computing and machine learning technology improves
the accuracy and effectiveness of debris tracking as space activity grows. These developments
make orbital operations safer and more environmentally friendly.

Earlier approaches to detecting space debris primarily depended on manually engineered
features and traditional classification techniques like Haar cascades and Histogram of
Oriented Gradients (HOG). These methods aimed to identify patterns in orbital imagery
by matching them with predefined templates. However, their performance was often
constrained by environmental factors such as fluctuating illumination, visual noise, and
the unpredictable trajectories of space debris in orbit.

To meet the demands of rapid, real-time monitoring, one-stage detectors like YOLO
(You Only Look Once) and SSD (Single Shot MultiBox Detector) were introduced.
Unlike two-stage models, these architectures conduct classification and localization in a
single step, making them faster and more efficient for processing high-resolution satellite
imagery and live video feeds. Their integration into space surveillance platforms has
significantly improved detection speed and accuracy, aiding in collision avoidance and
supporting safer, more sustainable use of orbital space.

One of the significant advancements in this field has been the implementation of Feature
Pyramid Networks (FPNs). These networks generate feature maps at multiple scales,
allowing the detection system to capture both coarse and fine details within a single
image. This multiscale capability is essential for recognizing debris ranging from tiny
particles to large fragments, enhancing overall detection performance across varied orbital
scenes.

The use of cutting-edge techniques like FPNs for space debris identification has numerous
and vital applications. It makes it possible to precisely identify and monitor objects in
close proximity during satellite operations, preventing collisions and extending satellite
lifespans. It makes it easier to monitor debris fields in real time in space surveillance
systems, which aids operators in risk assessment and trajectory prediction. These developments
are essential to sustaining the sustainability of Earth’s orbital environment and guaranteeing
the safety of crewed missions.

Advancements in Machine earning have significantly improved the accuracy and efficiency
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of space debris localization, enabling systems to interpret complex orbital imagery with
exceptional precision. As ongoing research continues to extend of this field, we can
expect a enhanced robust detection capabilities, contributing to safer, more reliable space
operations and offering effective solutions to the escalating risks associated with orbital
debris.

Space debris identification is a particular use of machine vision that cocentrates on
recognizing debris from orbital images data or live video broadcasts. This process evaluates
visual input and locates debris items in the space environment using deep learning algorithms.
The approach combines candidate region creation, feature extraction, and debris categorization
to provide accurate item detection and location. Combining these techniques, space
debris detection systems provide crucial data for tracking and managing the growing
threat of debris in Earth’s orbit.

5.2 Space Debris Trajectory Estimation

The swift growth of human endeavors in space has resulted in a substantial rise in
artificial debris encircling Earth. Known as space debris, this term encompasses defunct
satellites, spent rocket components, fragments from collisions or explosions, and other
obsolete human-made objects. Traveling at speeds surpassing 27,000 km/h, these remnants
present serious threats to functioning satellites, scientific missions, and manned structures
such as the International Space Station (ISS).

A key component of space traffic management is the precise estimation, forecasting of
debris trajectories. Accurately predicting the future positions of these objects is vital
for collision avoidance, planning satellite maneuvers, and executing debris mitigation
or removal strategies. Despite its importance, trajectory prediction for space debris is
particularly challenging because of the dynamic nature of the orbital eco system.

Unlike active satellites, space debris cannot adjust its orbit or orientation and is influenced
by a variety of dynamic forces. These include:

• Earth’s non-uniform gravitational field

• Atmospheric drag, especially in Low Earth Orbit (LEO)

• Solar radiation pressure

• Third-body gravitational influences (e.g., from the Moon and Sun)

• Magnetic fields and interactions with charged particles

Traditional methods for trajectory prediction rely heavily on deterministic models using
orbital mechanics and perturbation theory. While highly accurate under controlled conditions,
these models depend on precise knowledge of initial conditions and often struggle with
modeling irregular or tumbling objects and the uncertainty caused by fragmentation
events or atmospheric density variations.

To address the complexities of traditional trajectory prediction methods, machine learning
(ML) and statistical regression techniques are emerging as powerful complementary
tools in space debris tracking. These data-driven models utilize historical observation
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data—gathered from radar systems, telescopes, and satellite sensors—to learn underlying
patterns in orbital motion. Methods which include linear and polynomial regression, and
neural networks can be used to predict the future positions and velocities of debris, often
without the need to explicitly model every physical force involved. This allows for more
adaptive, efficient, and scalable trajectory forecasting in the increasingly crowded space
environment.

Moreover, real-time tracking systems, supported by AI and computer vision, are being
developed to monitor debris autonomously and predict potential conjunctions. These
predictive systems not only enhance accuracy but also offer scalability to handle the
growing number of debris objects cataloged in space.

To sum up, accurately predicting the paths of space debris is not merely a technical
challenge—it is a strategic priority of safety, reliability of space operations. As human
activities in space continue to expand, the number of inactive satellites, spent rocket
bodies, and fragmentation debris in Earth’s orbit is increasing at an alarming rate. This
rising congestion significantly elevates the risk of collisions, which could result in catastrophic
damage to active satellites, critical communication infrastructure, and even human life
aboard the International Space Station.

Ultimately, establishing robust, adaptive, and scalable debris tracking systems will be
fundamental to managing space traffic efficiently and preventing future collisions. Investing
in such capabilities today is essential to protect valuable space assets, support future
missions, and ensure that the orbital domain remains safe and sustainable for generations
to come.
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Chapter 6

Methodology

This section offers an in-depth look at the design, operation, and real-world implementation
of the proposed space debris detection algorithm. Specifically developed to address the
critical need for accurate and near real-time space debris detection and tracking, the
algorithm aims to protect operational satellites and other orbital assets. The exposition
highlights the seamless integration of this detection system with advanced hardware
platforms, showcasing its ability to deliver rapid and efficient processing even in environments
with limited resources, such as those found in spaceborne or ground-based systems.
The system is engineered to perform essential tasks like debris identification, classification,
and trajectory estimation with minimal latency. By leveraging cutting-edge machine
learning models and edge computing technology, it ensures that the processing of data
is swift and highly effective. This improves the precision of detection but also makes it
adaptable to various operational scenarios, improving sustainability of space operations.
The algorithm’s capacity for real-time decision-making and its efficiency in resource-
constrained environments are central to its significant impact on current and planned
space missions in near time. This makes it appropriate for applications like continuous
orbital monitoring and real-time collision avoidance. The hardware-software synergy is
also covered in this section, with an emphasis on how this integration promotes smooth
operation, increases dependability, and supports real-time decision-making in the complex
and dynamic Earth’s orbit.

6.1 Dataset Annotation

Data annotation for the space debris detection research was undertaken using the LabelImg
tool to ensure accurate and thorough labeling of the dataset. The annotation procedure
addressed instances where several debris objects were present in a single image[1], with
each object meticulously recognized and documented.In the realm of debris classification,
differentiations were established according to object dimensions and possible hazard
level. Objects measuring less than 10 cm were designated as low-risk debris, and those
over this size barrier were classed as high-risk debris, as illustrated in Fig. Additionally,
debris items were categorized according to their relative velocity and nearness to orbital
assets.Table offers a thorough description of the dataset, encompassing the distribution
of debris size categories and their corresponding relative velocities.
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The dataset was segregated into distinct training, validation, and testing subsets to ensure
that the algorithm was exposed to a wide range of orbital scenarios during the training
phase. This approach also ensured that the model was validated on previously unseen
data, allowing for an unbiased assessment of its performance. By using this systematic
partitioning strategy, the algorithm was able to generalize well to new and diverse space
debris situations, enhancing its robustness and accuracy in real-world applications.

This systematic methodology for data annotation and categorization improves the algorithm’s
capacity to precisely identify, categorize, and evaluate space debris of diverse dimensions
and risk levels in actual orbital settings. Additionally, to build realistic datasets, the
hardware intended for deployment in the space environment, such as high-resolution
cameras with limited fields of vision, was employed to simulate practical data gathering
settings.

6.2 Algorithm Description

The improved detection capabilities of YOLO make it critical for limiting the growing
risk of space debris impacts. The model facilitates orbital traffic management and satellite
collision avoidance decision-making procedures by enabling high-speed and high-accuracy
debris tracking. Its incorporation into current space systems offers a strong foundation
for preserving operational security in congested orbital settings.

YOLO’s function across a variety of platforms, such as optical telescopes, radar systems,
and onboard satellite sensors. This adaptability ensures consistent performance across
different observational conditions, facilitating comprehensive tracking of space debris
from detection to classification. The system’s lightweight design further enhances its
suitability for deployment on AI devices, such as NVIDIA boards, enabling efficient
processing making it ideal for spaceborne or resource-constrained environments.

On the other hand, Detectron2, Developed by Facebook AI Research (FAIR), Detectron2
offers advanced capabilities for instance segmentation and object recognition, making it a
powerful complement to YOLO. Detectron2 provides pixel-level segmentation, enabling
more accurate estimation of debris shape, size, and contour. These features are crucial
for a detailed understanding of debris dynamics in space.

Integration of YOLO and Detectron2 enables a hybrid approach wherein YOLO serves
as a fast preliminary detector while Detectron2 performs refined segmentation and classification.
This combination results in a robust, multi-stage detection pipeline that ensures both
speed and precision, essential for near real-time orbital debris monitoring.

Together, YOLO and Detectron2 form a powerful toolkit for managing space debris,
enabling agencies and organizations to react swiftly and intelligently to potential hazards.
YOLO’s fast classification helps prioritize threats by type and size, while Detectron2’s
segmentation capabilities enhance situational awareness through detailed visual analytics.
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6.3 Space Debris Detection and Processing Pipeline

The growing presence of space debris in Earth’s orbit has become a serious concern for
the safety of satellites, spacecraft, and future space missions. Even collisions with tiny
debris particles can cause extensive damage to delicate instruments or result in mission
failures. Consequently, the prompt detection, classification, and tracking of orbital debris
have become crucial elements of modern space situational awareness systems. To tackle
this pressing issue, a real-time, multi-stage debris detection pipeline is proposed. This
system integrates sensor data, computer vision methodologies, and Deep learning Methods
to work efficiently detect and monitor space debris.

The workflow system is illustrated in Figure 6.2, showcasing a three-stage architecture:
Scanning Stage, Inference Stage, and Post-Processing Stage. This architecture enables
a seamless integration of live video feed analysis with AI-driven decision-making modules.

Scanning Stage

In the Scanning Stage, The system starts by using a live video feed to continuously
monitor the surrounding space environment in real time. This is then enhanced with an
active sensor system, such as radar or LiDAR. In order to identify and track objects in
orbit, particularly those that are far away or traveling at high speeds, these active sensors
are critical for providing depth perception and range estimates. This first stage’s primary
goal is to act as a watchful sentinel, continuously examining the surroundings to find any
items that may be categorized as space debris, whether they are currently in the monitored
region or are on their way there.

The active sensor system enhances the accuracy of object detection by measuring distance
of each identified object from the observation platform, such as a satellite or UAV.
To streamline the detection process, a predefined range threshold is set, which helps
eliminate irrelevant background objects or distant celestial bodies that fall outside the
scope of the mission. If an object is detected beyond this threshold, it is disregarded,
allowing the system to return to its default scanning mode. This approach optimizes
computational resources and reduces bandwidth usage, ensuring efficient operation.

However, detailed analysis stage. In this phase, the system performs a more in-depth
examination of the detected object using advanced computer vision and machine learning
techniques. These methods help to classify the object, estimate its size, shape, and
trajectory, and determine whether it is indeed space debris or another type of object. The
system may utilize pre-trained models, such as YOLO or Detectron2, to rapidly process
the object and categorize it with high accuracy. Once the object has been identified
and classified, its trajectory is further analyzed to predict its future position and assess
potential collision risks with operational spacecraftInference Stage—where high-resolution
video frames of the object are recorded and segmented for further analysis using computer
vision and AI inference models. This modular scanning architecture ensures a low-
latency, resource-efficient detection pipeline capable of operating autonomously in space
or near-space environments.
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Figure 6.1: Space Debris Detection and Processing Pipeline

Inference Stage

During the Inference Stage, once an object has been flagged by the scanning system
as being within the designated threshold range, the onboard camera initiates continuous
high-resolution video recording. The captured footage is then programmatically segmented
into individual frames for further analysis. These static frames serve as input to the
inference engine.

The inference engine typically leverages lightweight and optimized pre-trained models
such as YOLOv8n, Detectron2, or SSD-MobileNet, which are selected for their ability
to operate efficiently on edge devices like the NVIDIA Jetson series. These models have
been fine-tuned on datasets containing labeled examples of various orbital objects—such
as satellites, defunct parts, and micrometeoroids—to ensure reliable detection accuracy
in complex visual environments.

Space Debris Detection & Classification (SDDC)

Further to deploy the model on the AI edge devices like Jetson boards, the initial model
is implemented in PyTorch, specifically the yolov8n.pt model has a relatively heavier
structure leading to a lower frames-per-second (fps) rate . The optimization involves
converting the model into an engine file format, and two distinct methods are employed
for this purpose.The first method initiates the model conversion within the PyTorch
framework (Figure 7.9(a)).

Initially, the model is transformed into an Open Neural Network eXchange (ONNX)
runtime model, with the export image size set to 640 pixels. Subsequently, the model
undergoes quantization to 16 float points.ONNX serves as an intermediate format, facilitating
the model’s conversion into various file types for deployment.The ONNX conversion, the
model is further converted into an engine file type.The final engine file is generated using
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Figure 6.2: Integration of AI-Edge Device with Multiple Sensors

Figure 6.3: This is a pipeline for the model optimization process into engine format where a)
Yolov8n.pt file to Yolov8n.engine file conversion using PyTorch and Tensorrt b) Yolov8n.pt file
to Yolov8n.engine file conversion independent of pytorch, it is build using pycuda and Tensorrt

both PyTorch and the NVIDIA TensorRT toolkit.

In the second method, the model is transformed into an engine file however, in this
instance the conversion process is independent of PyTorch (Figure 7.9(a)).Here, the
model is first converted into .wts (weights) and .so (shared object) files.These files hold
crucial information about the model architecture, serving as the basis for building the
engine file. The engine file is constructed using pycuda and the NVIDIA TensorRT
toolkit (Figure 7.9(b)).Regardless of the method employed, the engine file is generated
explicitly on the same Jetson boards.This is because the engine conversion.

Two level Detection Approach

The Two-Level Approach (2SA) is a sophisticated processing architecture structured
in two successive phases to improve detection and classification. Initially, a Multi-
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Figure 6.4: Workflow of MDA and SDA Algorithm

Domain Analyzer (MDA) is employed to categorize items into general classifications.
In this study, the 2SA framework is utilized to classify space debris into three main
categories: space rock, satellite, and space debris. The outputs produced by the MDA are
subsequently directed to specialized, finely calibrated Sub-Domain Analyzers (SDAs)
for each category, as depicted in the figure.

This method utilizes three separate SDAs, each designed to address particular debris
attributes according to the initial classification by the MDA. The dataset comprises 3,300
annotated orbital photos, with 70% designated for training and 30% for validation. The
MDA is trained on a subset of 1,230 photos, enabling it to accurately differentiate between
debris categories. Parameters and setups for the SDAs are adjusted to enhance detection
and classification for each debris type, facilitating accurate localization and size estimation
essential for space situational awareness. A method for detecting and classifying space
debris was executed in near real-time utilizing three Nvidia AI-Edge devices that operated
as Single Board Computers (SBCs). These compact devices are ideal for space debris
monitoring applications due to their robust computational capacity and minimal power
consumption.

These AI-edge devices have flexible I/O pins that allow for easy integration with sensor
modules including cameras, radar systems, and optical sensors, as shown in Fig. 6.2. The
main visual sensor is a portable Logitech webcam, which records live video and high-
definition pictures of space junk. The essential information needed for detection and
classification tasks is provided by this camera. The camera is installed on a vibration-
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damping platform to reduce problems brought on by vibrations or unstable surroundings.
This configuration improves detection accuracy by guaranteeing steady, sharp picture
free from distortion or blur.

Using the Mavlink protocol, AI-edge devices communicate with the UAV’s flight controller
for real-time positional adjustments, optimizing debris imaging. Captured images are
geo-tagged for precise tracking and analysis.

The UAV is remotely controlled by a ground station, with onboard computers ensuring
precise positioning for reliable image and video capture. The integration of AI algorithms,
advanced computing, and stable sensors enables accurate and efficient space debris detection,
enhancing orbital safety and sustainability.

Each frame is subjected to forward propagation through the inference model, where
potential bounding boxes are generated and associated with class probabilities. If no
object of interest is detected in a given frame, the system automatically discards the
frame, conserving memory and minimizing data transfer overhead. This intelligent frame
management reduces computational latency and enhances system responsiveness.

However, if space debris or another object of concern is positively identified, the system
marks the frame for preservation and forwards the detection results to the next pipeline
stage. Metadata such as bounding box coordinates, class labels, confidence scores, and
timestamps are appended to the frame for further refinement in the Post-Processing
Stage, which focuses on tracking, localization, and generating actionable insights.

Post-Processing Stage

The Post-Processing Stage plays a critical role in translating raw detection outputs into
actionable spatial intelligence. Once a frame containing space debris has been flagged
during inference, it undergoes further refinement to extract precise spatial information.
Initially, a spatial masking operation is applied to the region of interest—i.e., the detected
debris—within the frame. This involves isolating the debris pixels using the bounding
box coordinates and class label provided by the inference engine. The objective of
masking is to filter out background noise and focus computational resources on the debris
itself.

Once segmentation is completed, the system utilizes camera calibration data, which
includes distance measurements from active sensors like LiDAR or stereo vision. These
combined inputs allow the transformation of 2D pixel coordinates from the camera feed
into 3D spatial coordinates. This conversion process provides accurate real-world estimates
of the debris’ size, its precise location (relative to the camera or Earth’s surface), and
its motion trajectory. These 3D measurements are crucial for analyzing the object’s
dynamics and for forecasting potential collision risks in the orbital environment.

To estimate potential trajectories, temporal information from consecutive frames may be
analyzed using motion prediction models or regression algorithms, allowing the system
to forecast future positions of the debris. These predictive insights are essential for
evaluating collision probabilities and determining whether evasive maneuvers or alerts
are necessary.
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Finally, all processed data—including object classification, dimensions, position, and
predicted trajectory—is transmitted to downstream subsystems. These may include satellite
control systems, orbital traffic management interfaces, or central debris tracking databases,
thereby ensuring real-time decision-making and enhanced orbital situational awareness.

The increasing accumulation of junk presents a significant threat to the safety, reliability
of operations. This study presents a robust and modular framework for near real-time
space debris detection, classification, and trajectory estimation using AI-enabled edge
devices and multi-sensor integration. The system utilizes a Two-Level Detection Approach
(2SA) involving a Multi-Domain Analyzer (MDA) and category-specific Sub-Domain
Analyzers (SDAs) to enhance detection accuracy and classification efficiency.

Through real-time camera feeds, integrated with active sensor systems such as LiDAR,
the system is capable of continuously scanning the orbital environment and identifying
potential threats. The inference stage, powered by optimized deep learning models
like YOLOv8n and implemented on Jetson-based AI-edge devices, ensures accurate and
efficient object detection under computational constraints. Post-processing operations
leverage spatial masking, camera calibration data, and distance measurements to extract
meaningful real-world spatial information such as debris size, location, and trajectory.

Additionally, the system is designed to interface with Unmanned Aerial Vehicles (UAVs)
or satellite control systems through communication protocols such as Mavlink. This
integration facilitates real-time communication, allowing for dynamic feedback loops
and autonomous decision-making processes. By combining vision-based artificial intelligence
(AI) inference with lightweight, on-board edge computing capabilities,fusion of AI and
edge computing not only makes the system highly scalable. The modular design allows
for easy adaptation to different spacecraft or satellite platforms, ensuring that it can
be deployed across a range of orbital missions, from low Earth orbit (LEO) to higher
altitudes. This system’s flexibility and efficiency are key to enhancing space situational
awareness, providing continuous monitoring, and enabling timely interventions for debris
avoidance.

In conclusion, the proposed methodology demonstrates the feasibility and effectiveness
of deploying lightweight, AI-driven systems for space situational awareness. It holds
promise for future applications in autonomous satellite navigation, debris avoidance,
and long-term space sustainability. Continued improvements in AI model optimization,
sensor accuracy, and onboard processing will further enhance system reliability in dynamic
space environments.
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Chapter 7

Results and Discussion

The advanced model, carefully optimized and trained on NVIDIA AI-Edge devices,
showcases outstanding proficiency in detecting and classifying space debris, achieving
an impressive accuracy rate of 0.95. This remarkable level of precision is essential for the
dependable identification of space debris in the increasingly crowded orbits around Earth.
The model’s ability to differentiate between various types of debris and other objects
helps minimize false positives, thereby improving the overall reliability of the system.
This accuracy is pivotal in mission-critical applications, where accurate detection is
necessary for preventing collisions and managing space traffic. In high-stakes environments
where rapid decision-making is crucial, such as in collision avoidance or satellite maneuvering,
this system’s precision ensures that effective and informed choices.

Model’s remarkably swift inference time of approximately 15 milliseconds further strengthens
its value in space operations. This near real-time processing capability is indispensable
for handling the vast and rapidly changing data streams inherent to space debris monitoring.
The quick response times enable advanced collision avoidance systems to generate rapid
and precise predictions of debris trajectories. This allows satellites and other orbital
assets to execute timely maneuvers, reducing the likelihood of collisions, preserving
mission continuity, and safeguarding valuable infrastructure. The system’s ability to
deliver accurate trajectory forecasts ensures a robust framework for maintaining orbital
safety.

Leveraging the powerful computational capabilities of NVIDIA AI-Edge devices, the
system achieves low-latency performance while maintaining exceptional energy efficiency.
These edge devices are specifically designed for resource-constrained environments, making
them ideal for deployment both on terrestrial stations and aboard satellites. Their compact
size, reduced power requirements, and robust processing capabilities enable seamless
real-time operations, even in challenging conditions. This synergy between cutting-edge
hardware and advanced algorithms ensures efficient and reliable monitoring of space
debris, further supporting sustainable practices in space exploration.

The fusion of high-speed processing and exceptional accuracy marks a major advancement
in safeguarding orbital assets. This system’s capacity to reduce collision risks and maximize
the efficient use of orbital resources underscores its crucial role in maintaining the long-
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term sustainability of Earth’s orbital environment. By seamlessly integrating cutting-
edge AI algorithms with sophisticated edge computing, the model demonstrates the key
innovations required to ensure responsible and secure space operations. It highlights
the importance of technological advancements in protecting the orbital domain, while
fostering sustainable space exploration and the efficient use of space resources for future
generations.

7.1 Space Debris Detection

In recent years, the exponential increase in human activity in outer space has led to
a dramatic surge in the accumulation of orbital debris. This growing cloud of space
junk consists of a wide array of objects, such as non-functional satellites, fragmented
components from disintegrated spacecraft, and debris resulting from in-orbit collisions.
These remnants now pose serious and escalating risks to operational satellites, crewed
missions, and critical space-based infrastructure.

As the global space industry continues to expand—driven in part by the deployment of
large satellite megaconstellations and a sharp rise in commercial launches—the challenge
of managing space debris has become more urgent and complex. Ensuring the sustainability
and safety of orbital operations requires robust, real-time surveillance and tracking capabilities
to identify and assess potential threats from debris.

Traditional space debris monitoring techniques, which mainly depend on radar systems
and optical telescopes, have played a crucial role in tracking larger debris objects. However,
these conventional methods encounter significant challenges in terms of automation,
flexibility, and scalability. The increasing volume of data produced by contemporary
space missions often exceeds the capacity of manual analysis methods, rendering and
hindering the ability to address the growing complexity of space debris management.

To overcome these challenges, the adoption of automated and intelligent systems has
become essential. Deep learning, a powerful branch of artificial intelligence, presents a
highly promising solution. By utilizing neural networks trained on extensive datasets,classifying,
and localizing space debris within satellite and astronomical imagery. These models
not only improve detection accuracy but also facilitate near real-time analysis, enabling
proactive debris management and more effective collision avoidance strategies.

In essence, deep learning is set to transform the way we monitor and manage space
debris, providing a scalable and efficient solution that can meet the growing demands of
contemporary space exploration and commercialization. With its ability to process vast
amounts of data and deliver real-time insights, deep learning holds the key to enhancing
space situational awareness and ensuring the long-term sustainability of space activities.

Using fundamental assessment criteria including accuracy, precision, recall, and mean
Average Precision (mAP), we developed a deep learning-based model for space debris
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Figure 7.1: Debris Detection Testimony
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detection in this work and evaluated its performance. When taken as a whole, these
indicators offer a comprehensive picture of the model’s performance in practical situations..

7.1.1 Mean Average Precision Analysis

A popular evaluation statistic for object identification tasks that offers a comprehensive
analysis of a model’s performance is Mean Average Precision (mAP). In contrast to
basic accuracy, which just calculates the percentage of accurate predictions, mAP considers
both precision and recall. Recall assesses the proportion of actual items that were properly
recognized, whereas precision gauges the proportion of detected objects that are genuine
positives. A more thorough and nuanced assessment of the model’s capacity to reliably
identify objects in a variety of settings is provided by mAP, which is computed by
averaging the accuracy values over varied recall levels and detection thresholds.

Figure 7.2: Variation of Mean Average Precision(MaP) with Epoch for Multiple Models

In this work, mAP is a vital role in assessing the model’s detect ability and localize
space debris within intricate visual data, such as satellite or telescope images. The
results, shown in Figures 7.1 and 7.5, demonstrate a high mAP score, underscoring the
robust performance in accurately classifying debris, even in complex and challenging
conditions. This high score reflects the model’s effectiveness in both identifying space
debris and minimizing false positives, which is critical for ensuring the reliability of
space debris monitoring systems.

Such high performance in mAP not only reflects the model’s accuracy in classifying
debris correctly but also demonstrates its robustness in consistently locating those objects
with high confidence. This is particularly important in space applications, where precise

44



detection of even small debris fragments can be essential for avoiding potential collisions
and ensuring the safety of active satellites and spacecraft.

7.1.2 Precision

Precision,A crucial parameter for assessing how well object recognition and classification
algorithms perform, particularly when false positives may lead to needless or costly
actions. Precision in the context of space debris detection refers to the model’s ability
to correctly identify debris out of all the occurrences it classifies as such. Maintaining
the efficacy and economy of space operations depends on the model’s ability to reduce
false alarms and identify only real debris objects for additional examination, which is
demonstrated by a high precision value.

Mathematically, precision is defined as:

Precision =
True Positives

True Positives + False Positives
(7.1)

A high value reflects that the detection Model generates fewer false positives, meaning
that most of the objects it identifies as debris are indeed actual debris. This is crucial
in space operations, where each detection could trigger follow-up actions such as orbital
adjustments, alerts, or additional analyses. False positives, in this context, could lead to
unnecessary operations, such as conducting avoidance maneuvers, which not only wastes
resources but also increases the workload for space mission teams. Therefore, achieving
high precision helps ensure that only valid debris detections result in operational actions,
optimizing overall efficiency and minimizing disruptions in space operations.

Figure 7.3: Variation of Precision with Epoch for Multiple Models

Therefore,a high precision score reflects the model’s predictions while minimizing incorrect
alerts. This not only boosts the reliability of the detection system but also ensures
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that only genuinely hazardous objects are flagged for further action, promoting more
efficient and sustainable management of orbital space. By reducing false positives,
mission operators can avoid unnecessary resource expenditures, such as executing course
corrections or dedicating additional resources to tracking, both of which can be costly and
time-consuming. In high-pressure, time-sensitive scenarios, a precise detection system
empowers quicker, more confident decision-making.

7.1.3 Recall and Detection Coverage

Recall is a crucial metric for evaluating a model’s ability to detect all relevant instances
of a particular class, particularly in applications where failing to identify even a single
instance can have severe implications. In the context of space debris detection, recall
measures the model’s effectiveness in identifying all actual debris within the observed
data, ensuring that no hazardous objects are overlooked. This is essential for maintaining
the safety and integrity of space operations, as undetected debris could pose significant
risks to active satellites, spacecraft, and missions.It is formally defined as:

Recall =
True Positives

True Positives + False Negatives
(7.2)

A high score reflects that the developed detection method is proficient at the identifying
most, if not all, debris objects, including those that are small, faint, or situated in challenging
or cluttered backgrounds. This ability is especially critical in space environments, where
undetected debris could lead to catastrophic consequences, such as damaging operational
satellites, spacecraft, or jeopardizing crewed missions. By ensuring comprehensive detection,
high recall contributes to improved safety and proactive debris management in orbital
operations.

From a practical standpoint, high recall reduces the likelihood of missing potentially
dangerous objects and strengthens the overall effectiveness of space situational awareness
systems. This, in turn, supports critical functions such as early-warning protocols, collision
risk assessments, and long-term sustainability planning in space traffic management.

In summary, recall is a measure of the model’s sensitivity to the presence of space debris
and plays a key role in ensuring that no hazardous objects go undetected, thus enhancing
mission safety and operational reliability in the increasingly crowded domain of outer
space.

The recall heatmap highlights robust detection consistency across various object types
and scenes.

7.2 Pixel-Wise Masking

Once space debris is detected using image segmentation techniques, the subsequent step
involves pixel-wise masking, which provides a detailed and precise outline of each
detected object at the pixel level. Unlike traditional object detection approaches that rely
on bounding boxes, pixel-wise segmentation allows for a more granular understanding
by labeling each pixel in the image as belonging either to debris or to the background.
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Figure 7.4: Variation of Recall with Epoch for Multiple Models

In semantic segmentation, In object detection, all debris pixels are typically classified
under a common category, effectively distinguishing debris from non-debris regions.
However, instance segmentation takes this a step further by assigning a distinct mask
to each individual debris object, even when multiple debris instances are adjacent or
overlapping. This technique allows for a more precise identification and delineation of
each debris object, which is particularly important for tasks that require detailed analysis
of spatial relationships and object separation in complex scenarios.

Pixel-wise masking is essential in post-detection analysis as it allows for precise estimation
of physical properties, such as the size, shape, and orientation of debris objects. These
attributes are crucial for assessing the potential risk posed by space debris and for informing
effective mitigation strategies. By generating accurate masks, the system can isolate
debris regions, enabling additional image processing tasks like motion estimation, temporal
tracking, and 3D shape reconstruction. This detailed analysis enhances the ability to
monitor and manage space debris, ultimately supporting safer space operations and more
efficient debris removal efforts.

By achieving pixel-level precision, this approach enhances the overall capability of space
situational awareness systems. It not only improves detection fidelity but also supports
more informed and efficient decision-making in areas such as collision avoidance and
active debris removal, thereby contributing to safer and more sustainable use of orbital
space.

7.3 Area Estimation

After performing pixel-wise masking to segment the debris from the background, the
next crucial task is estimating the actual physical area of the detected debris objects.
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Figure 7.5: Pixel Wise Masking Testimony-1
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Figure 7.6: Pixel Wise Masking Testimony-2

49



This step is essential for evaluating the potential collision risk that the debris may pose to
operational satellites and spacecraft. Accurately estimating the size of the debris enables
more informed decisions regarding space traffic management and mitigation strategies.

The initial step in this process involves utilizing the camera resolution to convert the
pixel dimensions of the debris mask into real-world units such as square meters or centimeters.
Camera resolution refers to the number of pixels corresponding to a specific unit of
physical distance (e.g., pixels per meter or pixels per kilometer) at a particular distance
from the camera. To determine this resolution, details from the camera’s specifications
are used, including the focal length, sensor size, and the altitude of the satellite or
spacecraft that captured the image. These factors allow for an accurate conversion from
pixel space to physical space, facilitating precise calculations of the size and scale of the
debris.

Figure 7.7: Estimated Area(Sample1)

Once the pixel dimensions of the debris mask are known, the actual area can be computed

50



by considering the following key factors:

(a) Pixel-to-Real-World Conversion: By using the camera’s resolution, each pixel
in the image corresponds to a specific real-world area, which can be calculated
based on factors such as the camera’s sensor size, focal length, and the altitude
of the satellite or spacecraft capturing the image. This relationship allows for
the conversion of pixel measurements into tangible physical dimensions, such as
square meters or centimeters, enabling a more accurate assessment of the debris
size and spatial properties. This step is crucial for further analysis, including threat
evaluation and decision-making in space debris management. For example, if the
camera has a resolution of 10 pixels per meter, each pixel represents an area of
1
10
× 1

10
square meters. This conversion allows the calculation of the real-world area

of each debris object.

(b) Masking and Area Calculation: Once the pixel-wise mask is generated, the next
step is to count the number of pixels that represent the debris. By multiplying
this pixel count by the real-world area that each pixel corresponds to, the total
physical area of the debris can be estimated. This calculation provides a more
accurate measurement of the debris size in physical terms, which is essential for
evaluating potential risks, understanding the scale of debris in orbit, and informing
mitigation strategies. For irregularly shaped debris objects, advanced algorithms
such as convex hulls or contour-based methods may be employed to refine the area
calculation and account for complex shapes.

(c) Camera Geometry: Indeed, the camera’s field of view, altitude, and angle of
observation significantly influence the accuracy of real-world area estimations. The
closer the debris is to the camera, the more precise the measurements tend to be,
as there is less distortion. However, objects located farther away, especially near
the edges of the camera’s field of view, can experience geometric distortions due to
perspective effects, which may lead to inaccurate area estimations.
To mitigate these distortions, These factors should be carefully considered when
calculating the actual size of the debris, often requiring complex calibration models
to account for these distortions and ensure precise measurements. Geometric corrections,
such as those based on the principles of perspective projection, can help reduce
these errors and improve the accuracy of the area estimate.

(d) Accuracy and Uncertainty: Estimating the real-world area based on pixel masking
is subject to several sources of error, including distortion due to camera optics, pixel
resolution limitations, and projection errors from the camera’s angle relative to the
debris. Calibration of the imaging system and careful consideration of these factors
are necessary to improve the accuracy of the area estimate.

Accurately estimating the real-world area of debris allows for a better understanding of
the potential impact or collision risks posed by various debris objects. This information
is crucial for prioritizing debris removal or avoidance strategies based on the size and
potential threat posed by different objects. Furthermore, knowing the size of debris helps
space agencies and operators make informed decisions to safeguard active satellites and
other valuable assets in orbit.
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Figure 7.8: Estimated Area(Sample 2)

52



7.3.1 Conclusion

This research presents a robust AI-driven solution for the detection and tracking of space
debris, demonstrating its effectiveness across various evaluation metrics. The system
excels in accurately identifying and localizing debris, offering significant advancements
in automation for space situational awareness. By leveraging cutting-edge technology,
this approach enhances the efficiency and reliability of space debris monitoring, paving
the way toward safer and more sustainable orbital environments. This is a important step
to support the growth and safety operations, ensuring the protection of both current and
future space assets.

7.4 Space Debris Trajectory Estimation

The growing accumulation of space debris poses an escalating threat to the safety of
operational satellites and spacecraft, especially in high-density areas like low Earth orbit
(LEO). As the number of objects in orbit continues to increase, so does the likelihood of
in-orbit collisions. Consequently, accurately predicting the trajectories of debris becomes
essential for developing effective collision avoidance strategies and ensuring the long-
term sustainability of space operations.

This research introduces a unified framework that combines computer vision to detect,
follow, forecast the trajectories in space debris based on imagery captured by optical
sensors. The proposed approach aims to significantly improve the precision and performance
of space surveillance systems, offering a more robust solution for monitoring orbital
objects.

The computer vision component of our methodology is responsible for processing sequences
of images captured by ground-based or space-based optical instruments. By employing
techniques such as background subtraction and motion detection, we were able to isolate
moving debris objects from static backgrounds and identify them across successive frames.
The detected positions of each object within the image frames were then converted into
spatial coordinates, which served as the foundational input for subsequent motion and
trajectory analysis.

To ensure robust tracking performance, especially under challenging conditions such
as partial occlusions, image noise, and dynamic lighting variations, we incorporated
advanced object tracking algorithms. These algorithms maintained the identity of individual
debris pieces over time, enabling the construction of coherent motion paths.

The results from our experiments clearly indicate that the hybrid framework substantially
improves the accuracy of space debris trajectory prediction. By integrating advanced
computer vision with machine learning models, the system effectively captures complex
motion patterns and environmental influences. Additionally, its automated architecture
and scalable design make it highly compatible with real-time space situational awareness
(SSA) systems. This adaptability positions the framework as a compelling solution to the
increasing threats associated with orbital debris, providing critical support for collision
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Figure 7.9: Trajectory Estimation Testimony
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avoidance, mission planning, and sustainable space operations.

Computer vision methods were utilized to process image sequences captured from optical
sensors. Using background subtraction and motion detection algorithms, debris objects
were effectively isolated and tracked across multiple frames. Object positions in each
frame were mapped to corresponding spatial coordinates, forming the basis for motion
analysis. Advanced tracking algorithms were implemented to handle partial occlusions,
noise, and varying lighting conditions, ensuring consistent identification of objects across
frames.

7.5 Future Scope

This study establishes the groundwork for future advancements in Active Debris Removal
(ADR) by integrating precise trajectory estimation with enhanced object detection capabilities.
The insights gained from accurate debris tracking using computer vision and machine
learning can significantly aid in planning interception and capture strategies. By providing
reliable position and motion data, this approach enables the effective deployment of space
robotic arms for on-orbit servicing and debris removal missions. Furthermore, improved
object detection ensures that even small or fast-moving fragments can be identified and
tracked, reducing the risk of collision and increasing the overall safety and efficiency of
ADR operations. This foundational work paves the way for autonomous and intelligent
debris mitigation systems in future space missions.

Furthermore, combining data from several sensor streams presents a viable way to enhance
item recognition and categorization in ever-more complicated orbital environments. A
more thorough picture of the debris environment can be attained by combining visual data
from high-resolution cameras with inputs from other sensor systems, including as radar,
LiDAR, and infrared imaging. By utilizing the distinct advantages of each sensor type,
this sensor fusion technique enhance the overall ability of detection and classification.
example, infrared imaging can detect trash with thermal fingerprints not apparent in the
optical spectrum, while radar can detect things obscured in visual data and offer reliable
distance estimations.

A more robust and resilient space debris monitoring system that can function well under
a variety of difficult circumstances would result from incorporating these developments.
Improved detection skills would guarantee that even faint or quickly moving debris is
spotted, while increased classification accuracy would lower false positives. Ensuring
safe navigation in Earth’s congested orbital environment and preserving the integrity of
vital space facilities depend on these advancements.
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Chapter 8

Appendix:I -UAV Based Farm Inspection
using Deep Learning

This chapter is adapted from the paper Presented in IEEE INTERNATIONAL CONFERENCE
ON EMERGING TECHNOLOGIES AND APPLICATIONS 2025”.

8.1 Introduction
As the global population grows, so does the demand for food, necessitating a ∼70% increase
in agricultural production to meet future needs. However, the agricultural sector encounters
numerous challenges , includes financial losses and food security risks due to night time theft
and wildfires , emphasizing the need for effective surveillance solutions[?].Artificial intelligence,
through advancements in computer vision, machine learning, and deep learning, offers powerful
tools to help tackle these challenges in agriculture.

The traditional approach to farm inspection relies heavily on human labor, with farmers or
inspectors manually evaluating crops, livestock, and environmental factors based on observation
and expertise.As farms expand and the demand for higher yields increases, these traditional
methods struggle to meet the needs of modern agriculture. Moreover, factors like inspector
fatigue and environmental variability can compromise the consistency of assessments. Such
limitations make it difficult to respond swiftly to critical issues like pest infestations, disease
outbreaks, or livestock distress, underscoring the need for more efficient, technology-driven
solutions [27]. In light of these challenges, the introduction of AI-powered systems, particularly
those utilizing deep learning and edge computing technologies, offers a transformative solution
[9].

In modern agriculture, the need for efficient and accurate farm inspection methods has
become more critical than ever. Traditional inspection techniques, often reliant on manual
labor, are not only time-consuming but also prone to human error, especially when monitoring
vast areas of farmland. With the growing demand for sustainable farming practices and increased
productivity, there is a pressing need for real-time monitoring solutions that can quickly identify
potential issues, such as crop diseases, pest infestations, and livestock health problems.

Recent advancements in deep learning and AI-powered edge devices are transforming farm
inspection, enabling real-time, autonomous monitoring of crops, livestock, and soil conditions.
Traditional, labor-intensive methods are increasingly being replaced by smart technologies that
allow continuous data collection and on-site analysis [?]. AI-equipped edge devices bring
computational power directly to the field, reducing reliance on remote servers and minimizing
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latency. These devices use advanced deep learning models to process data locally from various
sources, such as high-resolution cameras and thermal imaging. Automated drones, mobile
robotics, and IoT sensors, combined with edge AI, now detect critical issues like wildfires, soil
moisture deficits, and cattle movement. This integration of deep learning and edge AI enhances
efficiency, precision, and sustainability in farm management, giving farmers immediate insights
and enabling timely interventions to improve production outcomes [26].

Two primary challenges arise from manual or human-based farm inspections in agricultural
fault detection:

Human Error – The large volume of data needing expert analysis increases the risk of
human error, influenced by fatigue, environmental factors, and subjective judgment [?]. This
can lead to inaccuracies in assessing crop health or livestock conditions. As farms scale, manual
inspection alone becomes inefficient and less accurate.

Risk to Human Life– Inspecting hazardous or remote farm areas poses serious safety
risks, from climbing silos and enduring extreme weather to potential exposure to harmful
chemicals [20]. These conditions underscore the need for automated systems to reduce human
involvement in dangerous inspection tasks.

Addressing these challenges, automated solutions like AI-based edge devices can offer
precise, real-time farm inspection, reducing the risk of human error and safeguarding human
life. Recent advancements in artificial intelligence (AI) and edge computing have opened up
new possibilities for precision farming. The integration of deep learning algorithms with AI
edge devices [12] has the potential to revolutionize farm inspection processes by providing real-
time insights and rapid detection of anomalies [19]. Among the leading deep learning models,
YOLOv8n stands out due to its lightweight design and exceptional object detection capabilities,
making it particularly well-suited for deployment on edge devices like the NVIDIA Jetson orin
Nano [8]. These devices enable local processing, reducing latency and ensuring that decisions
can be made on-site without the need for continuous cloud connectivity.

This paper explores the use of YOLOv8n-based deep learning models implemented on
AI edge devices to enhance farm inspections. The proposed solution allows for real-time
detection and monitoring of various agricultural elements, offering farmers a powerful tool to
optimize resource use, improve crop yields, and enhance overall farm management. Through
this work, we aim to address key challenges in current inspection practices and present an
efficient, scalable approach for smart farming.

8.2 Methodology
The research is structured into two primary sections: 1) Training and testing of the state-of-the-
art YOLOv8 model for farm inspection tasks, and 2) Deployment of the best-trained model on
the NVIDIA AI-device, followed by its integration with an autonomous UAV equipped with
the NVIDIA AI-device. 3) Alerting mechanism while respective anomalies were deducted.

This study introduces an autonomous airborne system leveraging AI-driven algorithms for
precision agriculture, designed to inspect and detect agricultural issues in remote, hard-to-
reach terrains. The UAV autonomously identifies wildlife and livestock conditions in real-time,
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Figure 8.1: Here are several examples from training datasets used for farm inspections. The
first row shows images of Livestock and Wildfire. The second row contains examples dataset
of thermal images and Cattle detection .

minimizing human intervention. Powered by an embedded AI device, it offers advanced object
detection and fault recognition. Key operational areas include crop fields, livestock monitoring,
and agricultural machinery—essential elements in modern farming practices.

8.2.1 YOLOv8
camera modules and block diagram and logic of the methodology YOLOv8 is a cutting-edge,
single-stage object detection model designed for real-time efficiency. Available in versions like
YOLOv8n and YOLOv8s, it offers tailored performance: YOLOv8n is lightweight for devices
like the NVIDIA Jetson Orin Nano, while YOLOv8s provides higher accuracy. With enhanced
feature fusion and optimized architecture [10], YOLOv8n is used in this study for real-time
detection of crop diseases and livestock conditions on edge AI devices.

The YOLOv8 architecture consists of three key components:

1. Backbone Network: The YOLOv8 backbone architecture is based on the CSPDarknet53
model, enhancing feature extraction through a series of convolutional layers. This design
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enables YOLOv8 to effectively capture high-level object characteristics, leading to improved
precision and efficiency in object detection and differentiation.

2. Neck:The YOLOv8 Neck module uses a Path Aggregation Network (PANet) to fuse
multi-scale features via upsampling and concatenation [17]. This integration enhances
YOLOv8’s accuracy in detecting objects of diverse sizes, boosting its overall detection
efficiency.

3. Detection Head: The YOLOv8 Detection Head predicts bounding box coordinates and
class probabilities for detected objects across multiple scales. Using predefined anchor
boxes, it captures objects of various sizes and ensures accurate classification for each
bounding box, enhancing detection precision.

This study utilizes the dataset from roboflow platform and YOLOv8 model to accomplish
two key tasks: object detection and agricultural fault identification. Initially, the algorithm
detects relevant objects, such as crops or livestock, within the UAV’s flight path. Once an
object is identified, the system seamlessly switches to fault detection, specifically targeting
the detected object, thus removing the need for human intervention. The model efficiently
recognizes agricultural elements and autonomously triggers inspection processes. For this
functionality, the model was trained on an extensive set of data of agricultural images accumulated
from multiple open-access sources.

8.2.2 Implementation on AI Edge Device
The NVIDIA Jetson Orin Nano serves as the UAV’s onboard computer. in this study, running
the YOLOv8 model for deep learning inference. Its compact, lightweight, and energy-efficient
design suits UAVs, seamlessly integrated into the UAV’s payload, powered by its battery, and
connected to an RGB Camera, thermal camera, and night vision camera, it enables real-time
object detection in diverse environments, providing results within milliseconds for near-instant
identification of agricultural hazards.

To boost the fps rate of the YOLOv8n model, the PyTorch model is first converted to ONNX
format with a 640-pixel image size and then quantized to 16-bit precision [11]. Finally, the
model is optimized into an engine file using NVIDIA TensorRT, ensuring efficient deployment.

8.3 Result and Discussion
To revolutionize farm inspection in real-time, a Two-Level Approach (2SA) leveraging Deep
Learning and AI edge devices is introduced. This advanced processing framework consists
of two sequential stages. In the first stage, a Master Detection Algorithm (MDA) is deployed
to classify farm-related objects, focusing on three primary categories: crops, soil health, and
agricultural infrastructure. Following this, the detections generated by the MDA are transferred
to specialized Slave Detection Algorithms (SDAs) that are fine-tuned for each specific category,
as depicted in Figure 9.1.

In this study, three distinct SDAs are employed, each being activated in response to detections
from the MDA. The dataset used for testing includes 2052 real-time field images, with a 70-30
split between training and validation. The MDA is trained using 1436 images, Both the MDA
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Figure 8.2: Experimentational Set up

and SDAs are trained using a batch size of 16 over 90 epochs, ensuring efficient and accurate
real-time farm inspection.

This approach significantly enhances the accuracy of on-field farm inspections, enabling
rapid identification of issues in crop growth, soil conditions, and infrastructure using AI at the
edge.

The Master Detection Algorithm (MDA) in the proposed farm inspection system successfully
classifies images into three key categories: live stock monitoring, and Infrastructure Integrity,
achieving a validation accuracy of 95.6. The validation accuracy for each category-specific
Slave Detection Algorithm (SDA) is outlined in Table 8.1. SDA is trained to detect Animals
within its domain, such as Sheep SDA , Tiger SDA , cow SDA, and structural damage in
Infrastructure Integrity SDA. The optimal training duration, determined by the convergence of
validation accuracy, is found to be 90 epochs.

This two-level framework enables the real-time detection and monitoring of diverse farm
conditions with high accuracy, using AI edge devices, ensuring efficient and precise on-field
farm management. (see Fig 9.4).

The deployment of Two-Stage Algorithm (2SA) on an artificial intelligence (AI) device
necessitates establishing a triggering system that directs images to the appropriate Slave Detection
Algorithms (SDAs) according to the classification performed by the Master Detection Algorithm
(MDA). This approach improves detection accuracy by approximately 3% to 6%. When the
algorithm is implemented on an AI device like the NVIDIA Jetson orin Nano, the detection
time remains under 100 milliseconds.in Table 8.1.

Table 8.1: Validation and Implementation Results on NVIDIA Jetson Orin Nano

SDA Inference
Time

Accuracy

wildfire 76 ms 91.3
human 79 ms 94.1
Cattle 93 ms 92.5
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Figure 8.3: Workflow for the optimization of trained model
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Figure 8.4: Mean accuracy Precision(mAP) variation with respect to epoch.

In the experimental testing of the proposed farm inspection system, a prototype is established
in a controlled environment. A UAV equipped with an onboard AI edge device and a high-
resolution camera is deployed for real-time data collection. The UAV communicates with
a ground monitoring station, with both systems connected on the same network to facilitate
seamless data transfer. The AI edge device, powered by a Jetson Orin Nano, processes the
real-time video feed with an average latency of approximately 85 milliseconds.

This setup demonstrates the efficiency and practicality of the real-time farm inspection
system, allowing for immediate analysis and decision-making in the field through advanced AI
processing.

8.4 Conclusion
We developed an advanced technique for autonomous farm inspections, designed to swiftly
identify a range of potential issues across multiple categories, thereby enabling real-time alerts
and allowing for prompt action by farm managers. This solution significantly enhances farm
management by improving responsiveness and reducing the time needed for manual inspections.

The system leverages a Two-Level Approach (2SA) powered by YOLOv8n and operates
within a master-slave architecture. In this setup, a Master Detection Algorithm (MDA) initially
processes each image to classify it, determining the general category of inspection required.
Once categorized, the images are passed to specialized Slave Detection Algorithms (SDAs)
for a focused analysis on specific areas, such as livestock health, wildfire detection, or other
concerns. This modular design supports the identification of multiple issues with impressive
accuracy, achieving approximately ∼93% (Root Mean Square) across all categories.

The system, deployed on the NVIDIA Jetson Orin Nano, leverages hardware and software
optimizations to achieve near real-time processing with recognition times of approximately 100

62



Figure 8.5: A detection testimony of different categories are show cased in the top row Thermal
Image , Cattle detection and in bottom row Wildfire and Human Detection.
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milliseconds.This speed makes it highly suitable for deployment on drones, allowing a single
unmanned aerial vehicle (UAV) to autonomously conduct comprehensive inspections across a
farm. Continued research aims to further enhance the system’s adaptability, making it versatile
for various farm conditions and improving its value in precision agriculture. This technology
marks a significant step toward fully autonomous farm management solutions.

64



Chapter 9

Appendix:II - Long Range Detection and
classification of crack using UAV

9.1 Introduction
With billions of dollars invested annually in global infrastructure, ensuring the safety and
reliability of large-scale structures such as bridges, buildings, pipelines, highways, and power
grids is critical not only for construction teams but for public welfare at large [6]. As project
timelines grow increasingly compressed—especially for initiatives that disrupt public life, like
road closures—there is growing pressure to expedite completion and approval processes. However,
this push for speed must never come at the expense of thorough inspections that safeguard the
long-term durability and security of these assets.

Traditionally, infrastructure inspection has relied heavily on manual, human-driven methods [14].
Trained inspectors meticulously assess components and systems, drawing on their expertise
to detect signs of wear, damage, or failure. These manual inspections are often resource-
intensive, requiring significant time, labor, and specialized equipment. Inspectors perform
detailed evaluations involving measurements, testing procedures, and visual assessments to
ensure compliance with safety codes and quality benchmarks [23]. While effective, this conventional
approach faces significant limitations, especially in terms of efficiency and accessibility.

In this context, long-range detection and classification of cracks using Unmanned Aerial
Vehicles (UAVs) is emerging as a transformative solution. UAV-based inspections offer rapid,
remote, and high-resolution monitoring of hard-to-reach or hazardous areas, minimizing human
risk while improving data collection accuracy and consistency. However, the shift from manual
to UAV-based crack detection addresses two major challenges associated with traditional inspection
methods:

1. Human error - Manual inspections require significant manpower, extended time on-site,
and often the use of specialized access equipment (e.g., scaffolding or lifts). This slows
down project timelines and inflates operational costs, particularly for large or remote
structures. [22].

2. Risk to human life - Certain areas of infrastructure may be hazardous or difficult to reach,
increasing the risk to inspectors and potentially limiting inspection coverage. Additionally,
human-based inspections are inherently subject to fatigue, subjective judgment, and inconsistent
detection accuracy, which can result in undetected or misclassified faults. [18].

To overcome these limitations, AI and deep learning algorithms, in combination with autonomous
systems such as UAVs, offer a promising alternative. These technologies significantly enhance
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the traditional inspection process by automating data collection and preliminary analysis. Instead
of relying entirely on human interpretation, AI models can pre-process vast amounts of visual
data, detecting and classifying potential defects like cracks with high accuracy. This reduces
the cognitive and analytical load on human experts, allowing them to focus on verifying and
interpreting only the most relevant findings, thereby improving both efficiency and accuracy.

Today, a wide range of state-of-the-art algorithms—particularly those based on deep learning
architectures such as convolutional neural networks (CNNs), transformer models, and attention
mechanisms—have demonstrated strong performance in tasks like defect detection, localization,
and segmentation. When deployed on UAV platforms, these models enable real-time or near-
real-time analysis of structural surfaces from long distances or difficult-to-access angles, offering
a scalable solution to infrastructure monitoring and maintenance. [10].Unmanned Aerial Vehicles
(UAVs) are capable of capturing high-resolution visual data and conducting comprehensive
inspections of infrastructure and buildings. By delivering detailed and real-time data for analysis,
UAVs significantly enhance both the safety and efficiency of the inspection process [15]. These
autonomous systems serve as a strong alternative to traditional human-based inspections, especially
in scenarios involving inaccessible or hazardous locations, thereby reducing the risk to human
life.

Over the past few years, a variety of AI/ML-based algorithms have been developed to detect
and classify infrastructural faults and defects [25]. These algorithms address a wide range
of issues that typically evolve over time in infrastructure such as asphalt pavement potholes,
electrical poles, high-tension wires, electrical insulators, exposed gas and water pipelines, and
concrete structures. Given the nature of these problems, visual data serves as the most effective
modality for fault detection, framing this challenge as a classic computer vision task.

The integration of drones with intelligent computing systems presents a powerful solution
to the limitations of conventional manual inspections. These smart systems, often designed to
support deep learning processes, are either embedded within or closely connected to UAVs [15,
25]. Their primary function is to enable drones to analyze and process the data they collect
during flight in real time. This capability allows UAVs to efficiently carry out complex operations
such as detecting, recognizing, and classifying objects—even in remote or low-resource environments.

These AI-based modules typically leverage high-performance processing components like
advanced CPUs, dedicated GPUs, or configurable hardware such as FPGAs. By using these
technologies, drones can manage large datasets, derive meaningful insights, and make autonomous
decisions with minimal human intervention. The combination of AI, drones, and intelligent
computing not only complements traditional inspection methods but also elevates them by
enhancing speed, precision, and operational safety.The deployment of AI-driven drones offers
considerable advantages, such as reducing inspection time, lowering operational costs, and
improving the reliability of data. This cutting-edge approach holds great promise for transforming
various industries—including infrastructure monitoring, construction oversight, and maintenance
operations—by delivering faster, more accurate, and safer inspection solutions.

In this paper, we present the preliminary results of a Two-Stage Algorithm (2SA) designed
to serve as a unified software solution for detecting and classifying multiple types of infrastructure-
related faults in the context of smart city development. The proposed framework employs
a single Main Learning Algorithm (MLA) to first categorize the type of defect, which then
dynamically triggers specialized Sub-Learning Algorithms (SLAs) tailored to each specific
category. This hierarchical approach aims to improve detection accuracy and efficiency, while
maintaining scalability and adaptability across a wide range of infrastructure inspection scenarios.
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9.2 Methodology
The research is structured into two primary phases: (1) the training and evaluation of the
state-of-the-art YOLOv8 model, and (2) the deployment of the best-performing model on
an NVIDIA AI device, which is subsequently integrated into an autonomously flying UAV
equipped with the same device.

By combining these components, the study introduces a comprehensive framework for
developing an AI-powered aerial vehicle capable of fully autonomous flight[20]. This UAV
leverages cutting-edge object detection and fault recognition capabilities, enabling efficient
inspection of remote or hazardous areas that are typically inaccessible to humans. The system
is designed for adaptability and precision, making it suitable for critical urban infrastructure
monitoring. Specifically, the research focuses on three key operational domains: (i) roadways,
(ii) buildings all vital assets in modern city scapes.

9.2.1 YOLOv8
YOLOv8 stands as one of the most advanced and efficient architectures in the YOLO series
of object detection models. Building upon the foundational principles of its predecessors,
YOLOv8 retains the single-stage detection framework while introducing significant improvements
in both accuracy and speed. It is available in multiple variants—YOLOv8n, YOLOv8s, YOLOv8m,
and YOLOv8l—each designed to suit different computational and application requirements [8].

Unlike earlier versions, YOLOv8 features a newly designed anchor-free architecture and
utilizes a refined backbone network for efficient feature extraction, enhancing both training
efficiency and real-time inference capabilities. This modern architecture positions YOLOv8 as
a leading deep learning-based solution for on-device object detection. Among its versions,
YOLOv8n is the most lightweight, offering fast inference with reasonable accuracy, while
YOLOv8s provides higher accuracy with a marginal increase in inference time.

The YOLOv8 architecture is composed of three fundamental components:

1. Backbone Network: YOLOv8 employs a custom-built backbone tailored for high-speed
and accurate object detection. This component extracts rich visual features from input
images using a series of convolutional operations and advanced activation functions,
capturing deep object representations.

2. Neck: The Neck component aggregates features from multiple levels of the backbone
using sophisticated fusion techniques such as PANet (Path Aggregation Network). Through
upsampling and concatenation, it combines semantic and spatial information from different
layers, enabling effective detection of objects at various scales.

3. Detection Head: This module predicts bounding box coordinates and class probabilities
for detected objects. YOLOv8 adopts an anchor-free detection approach, improving
localization precision and simplifying training by removing the dependency on predefined
anchor boxes.

In this research, the YOLOv8 model is trained for two distinct tasks: object detection and
fault detection. The algorithm initially identifies the object located beneath the UAV. Upon
successful detection, it autonomously initiates a fault detection process specific to the identified
object, thereby eliminating the need for manual intervention. This intelligent capability allows
the system to adapt its behavior based on the contextual understanding of the environment. The
training dataset was compiled from a variety of open-source platforms to ensure robustness and
diversity in object recognition.
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Figure 9.1: Dataset Testimony

9.2.2 Deployment on Edge Computing Device
The NVIDIA Jetson Nano serves as the onboard AI computing unit for the UAV, enabling
efficient real-time inference of deep learning models such as YOLOv8. Its compact form
factor, low power consumption, and lightweight design make it an ideal choice for aerial
deployment, especially when compared to traditional GPU-equipped desktop systems [12].
These characteristics allow seamless integration into the UAV as part of its payload, with power
supplied directly from the UAV’s battery.

An HD camera is interfaced with the Jetson Nano, forming a complete processing pipeline
that executes the YOLOv8 algorithm on live video input. This setup enables the UAV to
perform long-range crack detection and classification with high responsiveness, delivering
inference results within a few milliseconds. The combination of real-time processing and
onboard deployment significantly enhances the UAV’s autonomy in infrastructure inspection
tasks.

9.3 Result and Discussion
The Two-Stage Architecture (2SA) proposed in this study offers a robust methodology for
long-range detection and classification of surface cracks using an unmanned aerial vehicle
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Figure 9.2: Detection Testimony

(UAV). This architecture comprises two sequential processing stages. In the first stage, a
Multi-Domain Analyzer (MDA), powered by YOLOv8, is employed to classify aerial images
into broader categories based on the environment type. For the initial implementation, the
categories include: Road Infrastructure, and Civil Structures (e.g., buildings), as depicted in
Figure 9.1.

Following this high-level classification, the relevant image is passed to a specialized Secondary
Domain Analyzer (SDA), each fine-tuned specifically for detailed fault detection within its
respective category. In total, three SDAs are developed, each triggered conditionally by the
MDA’s classification output. The system is trained and evaluated using a dataset of 2452
UAV-captured images, with a 70%–30% split for training and validation, respectively. The
MDA model is trained on a subset of 1563 images, while the SDA training configurations are
summarized in Table. Both MDA and SDA networks are trained using a batch size of 16 over
120 epochs.

The MDA, leveraging YOLOv8’s fast and accurate object detection capabilities, achieves a
validation accuracy of 98.6% in categorizing images Civil domains. The performance metrics
for each SDA, including their respective validation accuracies, are provided in Table. Each
SDA is designed to focus on specific crack-related anomalies: detection of insulator damage
in the Electrical SDA, potholes and surface breaks in the Road SDA, and structural cracks in
walls or facades in the Civil SDA. The optimal training duration, determined by monitoring the
convergence of validation accuracy, is consistently found to be 120 epochs.(see Fig 9.4).

The integration of the Two-Stage Architecture (2SA) into an edge AI system enables intelligent
image processing directly onboard the UAV. The architecture incorporates a responsive triggering
mechanism that directs UAV-acquired images to the appropriate Secondary Domain Analyzer
(SDA), guided by the preliminary classification output of the YOLOv8-powered Multi-Domain
Analyzer (MDA). This targeted routing approach enhances overall detection performance, providing
a 3% to 6% improvement in accuracy compared to traditional single-stage models, by leveraging
specialized SDAs for fine-grained crack analysis within specific structural domains.

Deployed on a resource-constrained AI platform such as the NVIDIA Jetson Nano, the 2SA
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Figure 9.3: Recall Variation.

framework demonstrates real-time capability, with an average image processing time of less
than 100 milliseconds. This rapid inference speed makes the system well-suited for onboard
UAV operations, facilitating efficient, autonomous long-range detection and classification of
structural cracks across varied environments.

In the context of the Civil SDA, our implementation using YOLOv8 achieves a classification
accuracy of 98%, outperforming the 99% accuracy reported by YOLOv8n in similar scenarios
[16]. The model demonstrates strong resilience in detecting structural cracks under challenging
conditions, including poor lighting, shadows, and partial occlusions.

During experimental testing of the entire concept, a prototype is set up in the lab. The UAV
is equipped with an onboard computer and a camera connected to the onboard computer. Both
the ground monitoring station and onboard computer are on the same network for communication.
The average time taken by the Jetson Nano for processing real-time video feed is approximately
85 ms.

9.4 Conclusion
This study presents a comprehensive approach for autonomous multi-class fault detection in
infrastructure inspection, with a focus on structural anomalies across electrical, road, and
civil domains. The proposed Two-Stage Architecture (2SA), leveraging the YOLOv8n model,
effectively enables long-range crack detection and classification using UAV-captured imagery.
The system follows a master-slave framework, where the primary module—the Multi-Domain
Analyzer (MDA)—performs initial classification and routes the visual data to the appropriate
fine-tuned Secondary Domain Analyzer (SDA) based on domain-specific criteria.

The MDA directs inputs to specialized SDAs corresponding to Road, and Civil infrastructure,
enabling domain-aware fault detection. The system achieves a root mean square (RMS) accuracy
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Figure 9.4: Mean Average Precision(MaP-50) Variation.

of approximately 99% across all categories, with each SDA trained and validated on a tailored
dataset. Deployment on the NVIDIA Jetson Nano edge AI platform demonstrates near real-
time performance, with an average inference time of around 90 milliseconds per image.

The lightweight nature of the 2SA framework, combined with its real-time capabilities,
makes it highly suitable for integration into UAV systems for autonomous, long-range infrastructure
inspection. This enables a single UAV to efficiently identify and classify diverse fault types
across wide areas. Ongoing research aims to further improve the system’s robustness, adaptability,
and operational redundancy in complex environments.
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