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Abstract

Foreign Object Debris (FOD), referring to unwanted objects or materials on airport
runways, poses a significant safety risk to flight operations, causing billions of
dollars” worth of damage to the aviation industry each year. Artificial intelligence
offers a promising solution for the automated and early detection of such objects.
However, the use of machine learning in safety-critical aviation applications
requires a structured development process that meets regulatory requirements. In
its concept paper Guidance for Level 1 € 2 Machine Learning Applications, the
European Union Aviation Safety Agency (EASA) has presented a set of objectives.
These objectives remain at an abstract level and provide little guidance on how
they should be implemented in practice. This results in a gap between regulatory
guidance and concrete development practice.

This thesis addresses the gap by developing a Safety-by-Design methodology
that integrates six selected EASA objectives. The methodology covers the Data
Management, Learning Process Management, and Model Training phases of a
structured development process. It involves the ODD-to-Data Traceability Matrix,
the operationalization of data quality requirements, controlled data processing,
and independent dataset partitioning. The methodology is supplemented by the
systematic definition of the model architecture, the learning process, the training
environment, and the execution and documentation of training.

The developed methodology was validated using the specific use case of object
detection on Runway 23 at Hamburg Airport during the approach. This dataset
consists of 13496 annotated frames from 56 simulation runs across eight object
classes. It was created in Unreal Engine 5.3 using ProjectAirSim. A YOLO11m
model was fine-tuned on this dataset in a two-stage process, achieving a detec-
tion performance of mAP@0.5 = 0.263 after full fine-tuning This represents a
27.8% relative improvement over head-only training and more than two orders of
magnitude above the zero-shot baseline of 0.0008.

These results demonstrate that the developed Safety-by-Design methodology
successfully translates the selected EASA objectives into a practical, applicable
development process, ensuring regulatory compliance and traceability while pro-
viding a structured foundation that measurably improves model performance
through systematic data quality assurance and controlled training. This thesis
bridges the gap between abstract regulatory guidance and concrete development
practice, providing a replicable and validated foundation for future research on

verification, integration, and certification of Al-based aviation systems.
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1 Introduction

1.1 Motivation and Problem Context

Aviation is considered one of the safest modes of transportation, yet industry
analyses consistently show that more than half of all fatal accidents occur during
takeoff and landing. This highlights that a disproportionate number of incidents
happen when aircraft operate close to the ground, with little margin for error [2].

A persistent cause for severe incidents is foreign object debris (FOD) on the
runway. FOD refers to unwanted objects in safety-critical areas that can cause
damage to aircraft, equipment, or personnel [3]. During critical phases like takeoff
and landing, even a small object can lead to disastrous consequences. An example
of such an incident is the crash of the Concorde on Air France Flight 4590,
which was caused by small pieces of metal on the runway. The debris ruptured
a tire, punctured a fuel tank, and caused a fatal fire, resulting in the loss of 113
lives, including passengers and ground crew [4]. This incident demonstrates how
dangerous even small objects on the runway can be. Runway safety incidents
are not limited to small debris. A recent accident, the collision between an Air
Canada aircraft and a fire truck at LaGuardia Airport in March 2026, in which
both pilots were killed [5], demonstrate that larger objects and vehicles on the
runway pose an equally serious threat. Additionally, unauthorized drone activity
near runways poses another growing security concern, as collisions can cause severe
engine damage [3]. These examples illustrate that FOD can range from small
debris to vehicles or unauthorized drones, underscoring the need for comprehensive
automated detection systems.

Beyond catastrophic events, FOD leads to significant financial damage. Boeing
has estimated that FOD costs the aviation industry about $4 billion per year [6].
When resulting indirect costs such as flight delays, cancellations, and schedule
disruptions are included, the annual global cost of FOD is estimated to be $22.7
billion per year [7]. The world’s 300 largest airports collectively report over 10,000
FOD-related incidents annually [§].

To mitigate the mentioned risks, runways are traditionally inspected through
visual checks by personnel. This manual approach is labor-intensive, which can
limit the frequency with which inspections are performed [3]. Given the scale of
modern airport operations, automated FOD detection systems have become a key
priority for enhancing safety and reducing costly damage and delays.

Artificial Intelligence (AI) offers a particularly promising approach to this
challenge, as Al-based object detection systems can continuously monitor runway
surfaces and identify hazards earlier and more reliably than manual inspection

alone [3, [9]. Furthermore, the complexity of FOD detection, where objects vary
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widely in size, shape, and appearance, makes Al-based visual systems a particularly
promising approach compared to manual inspection. Additionally, many airports
and aircraft already have camera-based infrastructure installed, which could be
utilized for Al-based FOD detection [3]. Rule-based alternatives are limited in
their ability to achieve a comparable performance across such a diverse range
of hazards [3]. Machine-learning-based visual systems have opened promising
avenues for addressing the FOD problem by automatically detecting hazards
earlier than human operators alone [3], 9.

Al-based detection systems offer a promising opportunity to improve runway
safety and reduce the financial burden caused by FOD-related incidents. Neverthe-
less, the aviation industry faces the challenge that it is subject to strict certification
processes due to its many safety-critical applications [II, [10]. Aviation is expected
to experience a considerable overall surge in Al-based applications, with experts
projecting a growth rate of 35 % per year [11]. Applying Al in aviation therefore
urgently requires a structured development approach that addresses the strict
regulatory and safety-critical characteristics of this industry. This thesis therefore
develops a structured Safety-by-Design methodology and validates it in practice
through the creation of a simulation-based dataset and the training of a prototype
detection model for FOD detection."

1.2 Research Gap

In recent years, the aviation industry has made significant progress in integrating
AT into safety-critical applications [12]. It has become apparent that integrating
machine learning (ML) into aviation introduces new challenges when needing to
ensure system safety. Unlike classical, rule-based software systems, ML models
depend heavily on data-driven processes, which hide how the system makes
decisions and complicates continuous verification during development [10] 13, [14].

In response, the European Union Aviation Safety Agency (EASA) published
multiple reports regarding the use of Al in aviation. One of those reports, FASA
Concept Paper: Guidance for Level 1 € 2 machine learning applications [1],
is of particular importance for this thesis. It defines guidelines for the safe
development of Al-based systems for aviation applications. The concept paper
distinguishes three levels of Al applications based on the degree of authority
given to the system. Level 1 covers Al systems that assist human operators, who
retain full decision-making authority. Level 2 introduces human-Al teaming, in
which the system can autonomously implement actions under continuous human
oversight [I]. However, it raises the question of how these requirements can be

practically implemented, especially in a safety-critical use case. The lack of a
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structured, practical development methodology makes it difficult for developers to
build certifiable ML solutions.

This thesis aims to address this gap by providing, to the best of the author’s
knowledge, the first structured Safety-by-Design methodology that translates
selected EASA objectives into concrete development steps, validated through the
creation of a synthetic dataset and the training of a prototype object detection

model for runway FOD detection.

1.3 Research Question

To address the identified gap between regulatory guidance and practical im-
plementation, this thesis focuses on designing a Safety-by-Design methodology
that translates selected objectives from the FASA Concept Paper: Guidance for
Level 1 € 2 Machine Learning Applications into a concrete and implementable
development approach.

Although these objectives provide a comprehensive basis for certifying Al-
based systems in aviation, the scope of a Master’s Thesis does not allow for
the examination of the entire range of objectives. This work, therefore, focuses
on a manageable and meaningful selection. Six objectives were chosen because
they directly shape the development of safe, reproducible, and well-documented
machine learning components, as listed in Table [7] in the Appendix.

By structuring the methodology around these objectives, this thesis ensures
that the development process follows a step-by-step implementation of EASA’s
Safety-by-Design principles rather than remaining a purely technical exercise.

The overarching research question guiding this thesis is therefore formulated
as follows: What should a Safety-by-Design methodology, in line with selected
objectives of the FASA Guidance for Level 1 € 2 Machine Learning Applications,
look like to develop a simulation-based dataset and a prototype AI model for the
detection and classification of safety-critical runway objects (FOD)?

1.4 Thesis Structure

This master’s thesis is structured into six chapters. The current chapter provides
an introduction to the topic and the research question this thesis aims to answer.
The remainder is organized as follows. Section 2 reviews the existing literature
across two research streams. The first covers safety and certification frameworks
for Al-based aviation systems, focusing on regulatory guidance and the ODD
concept. The second stream addresses object detection for runway safety, includ-
ing sensing technologies and deep learning-based FOD detection methods. The

chapter concludes by identifying research gaps and positioning the contribution of
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this thesis. Section [3| describes the methodology in detail. Based on the selected
objectives from the FASA Concept Paper: Guidance for Level 1 & 2 Machine
Learning Applications, a structured Safety-by-Design methodology for simulation-
based dataset creation and Al model development is proposed. The methodology
translates the corresponding regulatory objectives into concrete development steps
for Al-based runway object detection systems. Section [4] practically applies the
methodology from Section [3| to a runway object detection use case. A synthetic
dataset is generated using a flight simulator, followed by the adaptation, devel-
opment, and training of a machine learning model. The experimental setup is
described in detail, and each step is linked to the corresponding EASA objectives
to demonstrate alignment between theory and implementation. In Section [}, the
results of the implemented use case are presented. This includes the training,
validation, and testing performance of the machine learning model, and the assess-
ment of the methodology with regard to the selected EASA objectives. Section [0]
summarizes the main findings, discusses limitations, and outlines directions for
future research. It also reflects on the contribution and implications for theory
and practice. The thesis concludes with perspectives on how this Safety-by-Design
methodology contributes to advancing safe Al adoption in aviation, providing both
a functional proof of concept and a replicable case study for future development

efforts.
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2 Related Work

This chapter reviews the existing literature related to the developed methodology
and applied use case of this thesis. The review is organized into two research
streams. The first stream, Section [2.1], covers safety and certification frameworks
for Al-based systems in aviation, and the second stream, Section [2.2] addresses
object detection for runway safety. Section identifies gaps in the existing

literature and positions the contribution of this thesis.

2.1 Safety in AI-Based Aviation Systems
2.1.1 Certification and Assurance Frameworks for Aviation Al

Safety-critical aviation systems have long been developed following established
certification standards, including ED-12C and DO-178C for software and ARP-
4754A for system development [I15] [16], [17]. These standards require precise and
fully specifiable system behavior, where each requirement traces back to a specific
implementation [10], 14! [I§].

Machine learning components challenge this concept, as their behavior is
learned from data rather than explicitly programmed and therefore cannot be
fully predicted for unknown inputs [10, 19]. This is why traditional certifica-
tion standards are unable to ensure the safety of data-driven machine learning
systems [I}, 20, 21]. The SAE Committee on Al in aviation has identified this
limitation as a key challenge for the industry [22].

In response to this, EASA has developed a framework for the safe development
of Al-based systems, from the initial concept paper for level 1 applications [23] to
the AT Roadmap 2.0 [24] to the current concept paper for level 1 & 2 machine
learning applications [I]. The paper introduces the integrated learning assurance
process and proposes a W-shaped development process as the central process
model. This framework extends the classic V-model of software development with a
data-driven component [23]. For example, Durand et al. explore practical elements
for machine learning certification [25], SAE AIR6988 formulates fundamental
requirements from an industry perspective [22], and more recent work developed
overarching engineering frameworks for specific certification scenarios [12} 26].
These approaches all emphasize transparency, traceability, and reproducibility as

fundamental characteristics for trustworthy machine learning systems [24].

2.1.2 Operational Design Domain and Data-Centric Safety

The concept of the operational design domain (ODD) originated in the automotive

sector |20, 27]. Tt was introduced to describe the specific operating conditions
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under which a driver assistance system is designed to operate safely [28, 29]. Since
then, this concept has been applied to other domains, including aviation [27), 30)].
In general, for autonomous systems, a cross-domain ODD definition process has
been proposed to structure the initialization and step-by-step refinement of ODD
attributes [29, 3], 32].

In aviation, the EASA has adopted and further developed the ODD concept
for Al-based systems. An important feature of this approach is differentiating
between the system-wide Operational Domain (OD) and the AI/ML Constituent
ODD. While the ODD describes the overall system’s general operating conditions,
the AI/ML Constituent ODD defines the ML component’s specific operating
conditions and simultaneously serves as a data management framework [1I, 31,
32]. This positions the ODD as a data management framework that directly
links operational conditions to data collection, processing, and representativeness
requirements |21} 32, 33]. Several studies have developed methods to structure the
transition from the broader system ODD to the data-centered AI/ML constituent
ODD [30, 34, 35]. Christensen et al. emphasize the need to translate ODD
parameters systematically into data requirements to establish a traceable link
between operating conditions and training data [12].

A closely related question is how to collect ODD-compliant data in practice.
For many safety-critical applications, collecting real-world data under controlled
conditions is difficult or impossible [10] [36]. It has become an important approach
for covering the operating conditions defined in the ODD [I9] 29 35]. Gupta et
al. demonstrate how to generate synthetic data for Al-based aviation systems
based on operational scenarios [36]. Riiter et al. highlight how simulations can
be used to address gaps in ODD coverage that cannot be filled with real-world
data [37]. One well-known limitation of this approach is the simulation-reality
gap, or the missing transparency between synthetic and real data [13] [36]. This
discrepancy can limit the transferability of trained models [10, 13, B38]. Dieter
et al. quantify this gap in the field of drone-based detection and show that it
can be minimized with a targeted data strategy [38]. A further advantage is
automated annotation. Since every object’s position is known in simulation,
bounding boxes are calculated automatically, eliminating labeling effort and
uncertainty [39} [40], 41]. For the runway use case in this study, simulation-based
data generation is advantageous and, due to the lack of real-world datasets, is the

only applicable option [3, 13, [41], 42].
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2.2 Object Detection for Runway Safety
2.2.1 FOD Detection: Problem and Sensing Approaches

The literature has examined various techniques for the automated detection of
foreign objects on runways. Automated monitoring is increasing and regarded
as essential, given that traditional methods and visual observation by air traffic
controllers are frequently inadequate for the complex and extensive environments
of modern airports [43]. One possible solution is a sensor-based approach. Radar-
based systems are widely used because they can detect stationary objects regardless
of weather conditions or time of day [44]. However, these systems are expensive to
install and often require multiple antennas to provide comprehensive coverage [44].
Although lidar-based approaches offer high visual resolution, their performance can
be affected by atmospheric conditions [45]. This is why camera-based systems have
emerged as a promising alternative. They provide a high visual resolution while
being considered a cost-effective solution for monitoring airport surfaces [3, [44].
In the context of deep learning methods for object detection, camera-based
systems are very compatible. They enable continuous, scalable monitoring, making
it an important advantage [3, O, 43]. Existing camera-based FOD detection
systems are mainly designed as ground-based systems that place cameras along
the runway [3], 43, [45]. The use case considered in this work represents a different
approach that uses a camera perspective from the aircraft itself during the landing
approach. This perspective offers an additional detection window during the
final approach. This is a critical moment, because the runway must be clear
and does not require any additional ground-based infrastructure. There is little
prior research addressing this specific perspective. The most relevant example is
the LARD dataset, which covers the visual approach perspective, but focuses on

recognizing runways rather than detecting objects |40}, [47].

2.2.2 Deep Learning Architectures for Object Detection

Automatic object detection in image data is a central area of research in deep
learning, increasing in popularity due to its ability to classify and localize objects
within an image or video [48] [49]. Modern object detection architecture can be
categorized into two basic categories, two-stage and one-stage detectors [49, [50].
Two-stage approaches like Faster R-CNN first generate potential regions and then
classify them [9], [50]. While this kind of approach achieves high accuracy, the
two-step process results in slower inference, making it less suitable for real-time
applications [51]. Transformer-based architectures, like DEtection TRansformer
(DETR), eliminate manual components such as anchor boxes and model object

relationships [52]. However, they require large amounts of data and long training

7
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times [52, [53]. On the other side, single-stage detectors, led by the YOLO (You
Only Look Once) model family, combine classification and localization in a single
process [54]. They offer significantly faster inference with comparable detection
accuracy and have therefore become the preferred architecture for time-critical
applications [49, 511 [55].

In the context of FOD and object detection at airports and especially on
runways, the YOLO family has established itself as the leading approach in
literature [3|, 54]. Early work demonstrated that single-stage detectors are suitable
for runway image data [56]. Other studies have evaluated different YOLO variants
in airport environments, demonstrating their ability to perform competitively in
real-world conditions [3, [9]. Especially important for deep learning-based FOD
detection on runways is a suitable architectural design that can adapt to different
lighting conditions and object sizes [53]. Further improvements were achieved by
integrating attention mechanisms into YOLOv5, which enhanced the detection
of small objects within railway and airport environments [57]. The architecture
was most recently further developed with YOLO11 through improved feature
extraction and more efficient network blocks [51], [58].

A common challenge that many of these studies face is the lack of large enough
annotated real-world datasets for runway object detection applications [3, [0, [42].
Therefore, transfer learning has become a standard strategy [9, 59]. In this
process, pre-trained models are fine-tuned for new tasks. Using weights pre-
trained on large datasets such as COCO (Common Objects in Context) enables
stable detection performance to be achieved even with limited domain-specific
training data [59, [60), 61]. Lenhard et al. demonstrate in several papers that a
two-phase training strategy, with first training only the detection head and then
the entire network, reduces training instability with small datasets and improves

overall performance [59, 61].

2.2.3 FOD Detection with Deep Learning and the Data Challenge

Although there are proven capabilities of deep learning architectures for object
recognition, their practical application to FOD detection is limited. There is a lack
of suitable training data. Publicly available, real-world annotated image datasets
of runway objects from the perspective of a landing aircraft do not exist [3] [9].
Collecting such data would require extensive coordination with airport authorities
as well as significant security measures [37, 41]. This data shortage is not just a
random research gap but indicates a structural problem in the field of application.

In response, simulation-based data generation has become a key research
approach. It is easy to set and adjust environmental parameters such as lighting or

weather. Additionally, technical settings like the camera position can be precisely

8
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controlled. Annotating the data for supervised learning would normally take up a
lot of resources and is, manually, very time-consuming. With a synthetic dataset,
labels can be generated automatically. And the amount of data can be scaled
up as required [39, 40}, 59, 62]. However, the literature consequently highlights
the simulation-reality gap, as mentioned above [37, [38]. For related tasks such
as drone-based detection, targeted data strategies, and domain-adapted training
methods have been shown to reduce this gap [38, [59].

To date, only a few specific datasets are available for runway use case [3, [62].
While LARD (Landing Approach Runway Dataset) addresses visual runway
recognition during the approach, it focuses on recognizing the runway itself rather
than objects on it |46, 47, 62]. This is a notably different use-case [3]. An ODD-
compliant, annotated dataset for detecting safety-critical objects on the runway
from a landing approach perspective does not exist yet [62]. This work aims to

address this issue by developing a synthetic dataset.

2.3 Contribution

The reviewed literature shows that foundations have been developed in the two
relevant fields of research. There are regulatory frameworks for Al in aviation and
deep learning-based object recognition, but an gap has emerged that this work
addresses. In terms of regulation, the EASA Concept Paper presents objectives for
the safe development of ML systems in aviation [I]. Existing work has addressed
aspects of these objectives, like formulating the ODD definition process [31],
developing engineering frameworks [12} 26], or extracting data requirements from
the ODD [33]. A practical, end-to-end methodology that translates these objectives
into concrete development steps and validates them against a real-world use case
is still missing. In terms of applications, the literature on FOD detection shows
that deep learning-based methods are effective for identifying objects in runway
scenarios [3, 9, [56]. Neither real-world datasets nor ODD-compliant synthetic
datasets exist for the specific use case of camera-based FOD detection from a
landing aircraft’s approach perspective [3, 9, 62]. Although simulation-based
approaches to data generation have been tested for related tasks [32] 136, [39] 41],
they have not yet been applied to a development process structured according to
EASA objectives. This thesis addresses both gaps. It develops a Safety-by-Design
methodology that translates selected European Aviation Safety Agency objectives
into structured development steps. This methodology is validated by creating the
synthetic dataset and training a YOLO11m model for runway object detection.
By doing so, this work helps to close the gap between regulatory guidance and

the practical implementation of certifiable Al systems in aviation.
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3 Methodology Development

The methodology developed in this thesis translates selected objectives from the
FEASA Concept Paper: Guidance for Level 1 & 2 Machine Learning Applications [I]
into concrete development steps, as listed in Table [} Before deriving these steps,

the underlying regulatory framework is examined in more detail.

3.1 EASA Concept Paper: Guidance for Level 1 & 2 Ma-

chine Learning Applications

The concept paper provides a foundational structure for developing and certifying
Al-based systems in aviation, introducing a dedicated assurance approach designed
for the specific characteristics of data-driven ML systems and complementing

traditional development practices.

3.1.1 Positioning within the EASA Learning Assurance Framework

A structured engineering framework is essential when developing Al-based systems,
particularly in safety-critical domains such as aviation. Traditional standards
such as ED-12C/DO-178C [15, 16] and ARP-4754A [I7] assume deterministic
and fully specified system behavior and are therefore not sufficient to assure the
safety of data-driven ML systems. To address this, EASA proposes a W-shaped
development process, illustrated in Figure[I} which provides a structured approach
to ensuring transparency, traceability, and trustworthiness throughout the ML
lifecycle [I]. While similar concepts have been explored in other domains, the W-
shaped process adapts and extends these approaches to align with aviation-specific
regulatory requirements [22), 25, [34]. Furthermore, it incorporates additional
concepts tailored to the challenges of data-driven ML systems [20]. The objective
of learning assurance is to establish trust in the performance and behavior of
ML models [31]. This is achieved by ensuring transparency across all data and
learning-related processes, as well as enabling the early detection and correction
of errors during model development [23], 26]. In addition, learning assurance
aims to systematically analyze and constrain the behavior of ML models, thereby
reducing the opacity commonly associated with such systems [I]. As illustrated in
Figure (1, the left branch covers design and preparation phases from requirements
management to model training, while the right branch addresses verification and
implementation.

The steps of data management, learning process management, and model
training form the technical core of the development of ML-based systems [31].

Errors in these early phases cannot be compensated for later by system tests, as
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(Sub)system (Sub)system
requirements & requirements
design verification

Al/ML
constituent
requirements requirements
management verification

Data and learning
Data verification of
management e
verification

Learning Learning Inference model
process process verification &
[ REenenE verification integration

Model training Model
implementation

Figure 1: Learning assurance W-shaped process. Steps below the dashed line
belong to learning assurance, while steps above correspond to traditional
development assurance. Taken from [I].

constituent

they directly influence the performance, robustness, and safety of the model [20].
Therefore, EASA emphasizes the importance of high data quality, adequate
coverage of relevant operating and environmental conditions, and clearly defined
and traceable training processes [I}, 26]. Equally crucial is the complete traceability
of all data- and learning-related objects [].

This master’s thesis is positioned within the lower-left part of the W-shaped
process, focusing on the central learning assurance phases of data management,
learning process management, and model training. The AI/ML Constituent
Requirements Management step is assumed as a given input, but is not explicitly
addressed. Other phases are deliberately excluded, as their inclusion would exceed
the scope of this work. The methodology developed in this thesis contributes
to structuring these early development phases in a systematic, transparent, and
Safety-by-Design-oriented manner, thereby providing a foundation for future ML

development processes in aviation.

3.1.2 Conceptual Foundation and Input Elements

The conceptual foundation comprises the input elements that define the context
conditions for the ML development process. They originate from the AI/ML
constituent requirements management phase of the W-shaped process [Il, B1] and
are treated as given preconditions within the scope of this thesis. The ML model
developed in this work is embedded within a larger Al-based aviation system.
Therefore, the system-level context must be considered. As illustrated in Figure 2]
such systems can be decomposed into traditional and Al-based subsystems [I].

The methodology proposed in this thesis focuses exclusively on the Al-based
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subsystem. This distinction is essential, as traditional and Al-based components

differ fundamentally in their development logic and assurance requirements [1]. A

~\

(Al-based system

Traditional Al-based subsystem(s)
subsystem(s)
r r (r ~N (r N
Traditional Traditional Traditional SW_ or
SW item SW item SW item HW |.tefm
\ ) || containing
's 's (EEE— ML
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HW item HW item HW item model(s)
L J N J

Figure 2: The different components of an Al-based system according to EASA.
Taken from [I].

fundamental input element is the Concept of Operations (ConOps) [12, [36]. The
ConOps describes the system from an operational perspective, defining its intended
use, capabilities, and limitations [I, [63]. It provides the functional context in
which the system operates and specifies how the system is expected to interact
with its environment and users [36]. In the object detection use case considered
in this thesis, ConOps defines the detection of objects on the runway during the
landing approach, including the operational scenario, the relevant stakeholders,
and the behavior of the intended system under nominal conditions [T}, [33].

In addition to the ConOps, the Operational Domain (OD) must be consid-
ered [11 [30]. The OD describes the overall operating environment of the complete
system, including all external conditions under which the system is intended to
function safely [28]. These conditions may include airport characteristics, environ-
mental factors, and technical system constraints [Il, 24]. In this thesis, the OD
serves as a high-level system context and is not further specified. For an Al-based
runway monitoring system, for example, the OD would encompass the entire
airport environment, including all runways and taxiways, weather conditions, and
interacting systems such as ground vehicles and air traffic control.

The Operational Design Domain (ODD) is derived from the OD and applies
specifically to the Al-based subsystem [12, [30} 63]. It defines the concrete operating
conditions and parameter ranges under which the AI/ML constituent is expected
to function reliably. This includes environmental, geographical, and temporal
constraints [1, BI) B3]. Therefore, the ODD establishes the valid deployment
conditions of the ML model [34]. In contrast, the ODD for the AI/ML component
would narrow this down to the specific conditions relevant for the detection model,

such as a defined runway section, daylight operation under clear weather, and a
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fixed camera perspective.

Another key input element for the methodology is the definition of Data Quality
Requirements (DQRs). DQRs translate qualitative operational constraints into
measurable criteria for data collection, preparation, and usage [33]. They ensure
that the data used during training, validation, and testing adequately represent
the defined ODD and meet the required quality standards [T, BT]. A concrete
example is the requirement that all model classes must be represented with a
minimum number of annotated instances per split. DQRs are derived from the

ODD and form the basis for structured and traceable data management [I, [33].

3.2 Safety-by-Design Methodology for Data Management

The first step of the learning assurance W-shaped process is the AI/ML con-
stituent requirements management, which establishes the foundation for the data
management methodology. It provides the central input artifacts required for the
data management process [I, BI]. The proposed data management methodology

is structured into four successive steps, as illustrated in Figure [3] Each of these

(1) ODD Traceability

Y
(2) DQRs Operationalization

\
(3) Controlled Data Processing

Y
(4) Independent Dataset Partitioning

Figure 3: The four steps of the Data Management Methodology.

steps addresses at least one of the previously selected objectives from Table [7| and
translates the regulatory requirements into concrete development steps. The order
follows the logical dependency between the steps. The ODD must be defined
before data can be collected. The collected data must then be verified before
it can be partitioned. Finally, the partition must respect the quality criteria
established in the DQRs. While the methodology is presented as a sequential
process, iterations between the steps may be required to resolve inconsistencies,
such as insufficient coverage of the ODD or violations of the DQRs. The individual

steps are described in detail in the following subsections.
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3.2.1 ODD Traceability

Step (1) establishes a formal, reviewable, and verifiable traceability between the
defined ODD and the data used for the learning process [33,[34]. It operationalizes
EASA objective DM-01, which requires that relevant data sources are identified
and that data are collected in accordance with the defined ODD [I]. The primary
output of this step is the ODD-to-Data Traceability Matrix, presented in Table [1]
which consolidates all traceability links in a single, structured artifact. The entry
shown is an illustrative example.

First, all ODD parameters are extracted from the given ODD description and
broken down into discrete units that are each uniquely identifiable. Each unit is
assigned a unique ODD identifier (ODD-ID). At this stage, the ODD parameters
are not evaluated. They are structured to enable downstream processing [20], as
illustrated in Columns (1)—(3) of Table[I]] Each ODD parameter is then assessed
individually with respect to its relevance for the learning data basis [II, 26].
Specifically, it is determined whether the parameter can influence (i) the ML
input data, (ii) the labeling, or (iii) the model behavior [33], resulting in a binary
decision (data-relevant: yes/no) recorded in Column (4) of Table

For each data-relevant parameter, a data requirement (DR) is derived by
specifying which data objects are needed to represent the parameter and which
categories or value ranges must be covered to ensure ODD-conform data collec-
tion [12, 26, [33]. Each DR is assigned a unique identifier (DR-ID) referencing one
or more ODD-IDs, establishing a formal traceability link recorded in Columns (5)—
(6). Quantitative quality metrics and acceptance thresholds are not defined at
this stage, as these are addressed in Step (2) [I, 26]. Finally, for each DR, at
least one data source is identified and documented, including the source type (e.g.,
real-world, simulation, or synthetic) [36, B9 41], recorded in Columns (7)—(8).

This mapping completes the structured traceability chain:
ODD Parameter — Derived Data Requirement (DR) — Data Source.

It provides an initial structural coverage check and enables potential data gaps to
be identified, fulfilling the objective of ODD traceability.

3.2.2 DQRs Operationalization

Step (2) operationalizes EASA objective DM-03, which requires that data prepa-
ration operations are defined to address the captured requirements, including
the DQRs [1]. While Step (1) establishes what data must be collected, Step (2)
specifies the criteria by which the collected data shall be evaluated. A fundamen-

tal requirement of ODD-compliant data collection is that every relevant ODD
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Table 1: Excerpt of the ODD-to-Data Traceability Matrix with an example entry.

(1) (2) (3) (4) (5) (6) (7) (8)
ODD-ID ODD Constraint/ Data-rel. DR-ID Derived SRC-ID Source
Parame- Categories Data Re- Type
ter quirement
ODD-01  Ambient Daylight; Yes DR-01 Image data SRC-01 Internal
Lighting  Night-time shall  cover real-
Condi- operation daylight and world
tion with  stan- night-time opera-
dard runway conditions; tional
lighting lighting camera
metadata data
shall be
available.

parameter is represented in the dataset. In other words, the dataset must cover
the specified conditions, categories, and value ranges [1], 33].

For each DR from the traceability matrix, potential quality issues are identified
by asking: How would the applicant recognize that this DR is not fulfilled? This
problem-oriented perspective allows the applicant to systematically identify the
quality aspects critical for ensuring compliance with the intended operational
conditions [33]. For example, DR-05, which requires annotated instances of all
defined object classes, could be violated by missing annotations, inconsistent class
labels, or an absence of one or more classes in the dataset.

The identified issues are then transformed into concise, unambiguous, and
verifiable quality rules [I]. Typically, this results in two to five rules per DR [33].
Although there is no standardized format for DQR formulation, Cappi et al.
propose a structured approach in which each DQR is formulated as a testable
statement using the pattern: The dataset shall [measurable condition/ [33]. This
approach is adopted in this thesis. For instance, the issue of missing object classes
would be translated into the requirement: The dataset shall contain annotated
instances of all defined object classes.

Each of the DQRs is made measurable by specifying a verification method, a
criterion, and a threshold [33]. For the example above, this would be: Verifica-
tion method: count class distribution; Criterion: all defined classes present;
Threshold: at least one annotated instance per class. The objective is not to
define complex key performance indicators, but to ensure each requirement can
be evaluated in a simple, transparent, and reproducible way [11 [33].

The defined verification rules are applied to the dataset and documented in a
structured table including the requirement, verification method, and evaluation
result [I]. If one of the DQRs is not fulfilled, the applicant shall not proceed
but instead return to Step (1), adapt the dataset accordingly, and repeat the
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verification until all DQRs are satisfied [26], [33]. This iterative process ensures that
the dataset remains consistent with the defined operational conditions, providing

a reliable foundation for subsequent steps in the learning assurance process |11, 31].

3.2.3 Controlled Data Processing

In Step (3), the data shall be prepared for the model training using a predefined,
standardized data processing pipeline [26]. The objective of this step is to
transform raw data into a consistent, structured, and model-ready dataset [33]. It
operationalizes objective DM-03, specifically the requirement to formally define
data preparation operations [I], as listed in Table [t} To achieve this, the applicant
applies a fixed, predefined set of data processing operations. The systematic and
deterministic execution of these steps ensures that the resulting dataset is suitable
for further machine learning tasks, while also ensuring that the process remains
reproducible and traceable [24] 39].
The preprocessing pipeline consists of the following steps:
1. Data Preprocessing (Cleaning and Preparation)
(a) removal of faulty or corrupted data (e.g., unreadable images)
) removal of duplicate data
(¢) handling of missing values (e.g., removal or imputation)
(d) standardization of data formats (e.g., image formats, data types)
) harmonization of units (e.g., meters, seconds)
(f) cleaning and standardization of labels (e.g., consistent class definitions)
2. Data Transformation
(a) scaling (e.g., image resizing)
(b) data normalization (e.g., pixel value normalization)
(c) feature engineering (not applicable for all ML approaches)
Depending on the application context, additional data processing steps may
be required in specific cases. However, the above set of operations provides a
sufficient basis for the structured and controlled preparation of data for model
training. To ensure a consistent and reliable data processing procedure, all
data processing steps shall be executed in a clearly defined order. The steps
are performed in the order presented above, ensuring that any data quality
issues are resolved before structural and semantic transformations are applied.
It is also essential that the applied data processing operations do not invalidate
previously defined ODD constraints or DQRs [26, 33]. In particular, preprocessing
operations such as resizing, normalization, or augmentation may alter the statistical
properties of the data. The applicant shall therefore verify that all ODD parameters
remain adequately represented after preprocessing, as transformations can shift

the effective data distribution [I]. Where applicable, the developer shall apply the
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same processing operations to the ODD specification itself. For example, updating
pixel-based thresholds or bounding box dimensions after image resizing. This
ensures that the processed dataset remains aligned with the intended operational
context and quality specifications and constraints of the ODD in the transformed
data space [T}, 26]. The input to this step is raw data collected from the identified
data sources. The output is a processed, model-ready dataset with a documented

and reproducible transformation pipeline.

3.2.4 Independent Dataset Partitioning

The final Step (4) addresses objective DM-06, which requires partitioning the
dataset into training, validation, and test subsets. This step is performed once
the final dataset has been established, since the independence and integrity of
these subsets rely on the previously defined data. Each data sample is uniquely
assigned to exactly one subset, ensuring that no data is reused across multiple
subsets [24]. This creates a clear separation of the data, forming the basis for a
controlled and verifiable learning process.

The partitioning ratio shall be chosen according to established practices,
ideally backed by state-of-the-art research or systematic studies. Commonly
recommended ratios include 70 /15 /15 and 80 / 10 / 10 for training, validation,
and test data [49, 64]. This ratio ensures that there is sufficient data for later
model optimization while also reserving an adequate sample size for unbiased
evaluation [49]. Although there are common split ratios, the optimal split ratio
always depends on the use case, the size of the total dataset, and the distribution of
classes and representation requirements defined by the ODD. Therefore, developers
shall evaluate different split ratios empirically to identify the configuration that
best balances model generalization and evaluation reliability [49, [64].

Additionally, the partitioning strategy must ensure the independence of the
three subsets, with particular attention to the test dataset |24, 32]. In particular,
correlated or dependent data, such as sequences or samples originating from the
same scene, must not be distributed across different subsets [62]. The test dataset
is strictly isolated from both the training and validation datasets to ensure an
unbiased evaluation of the model [24]. Each subset must individually comply with
the previously defined Data Quality Requirements. This ensures that all subsets
accurately reflect the relevant operational conditions and data characteristics [32].
It is important to balance independence with representation. This involves avoiding
biased distributions of scenarios or classes across subsets while ensuring each subset

accurately reflects the intended operational context [24], 26] [33].
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3.3 Safety-by-Design Methodology for Learning Process

Management

In the learning assurance process, data management is followed directly by learning
process management. The proposed methodology for learning process management
comprises three successive steps, as illustrated in Figure They cover the
definition of the model architecture, the specification of the learning process, and
the definition of the training environment. Each step is directly linked to one or
more of the selected EASA objectives. The steps follow the logical sequence of
the corresponding EASA objectives.

(1) Model Architecture Definition

Y
(2) Learning Process Specification

Y

(3) Training Environment Definition

Figure 4: The three steps of the Learning Process Management Methodology.

3.3.1 Model Architecture Definition

Step (1) establishes the model architecture on which the subsequent learning
process is based. It operationalizes objective LM-01, which requires a description
of the ML model architecture, and contributes to LM-02 through the selection and
justification of the model family [I]. First, the applicant derives the requirements
the ML model shall fulfill by selecting the task category that best represents the
use case [26]. Typical categories include classification, regression, object detection,
segmentation, anomaly detection, and sequence modeling [48], 49, [55, 65]. Based on
the selected category, the input data types and expected output format are defined,
alongside relevant performance and operational requirements such as robustness,
computational efficiency, latency, and scalability [II, 26, [66]. Particular attention
shall be given to explainability and transparency requirements in safety-critical
contexts [1I, 27, 32].

Based on the defined requirements, a suitable model family is selected by eval-
uating alternative approaches. These approaches may include convolutional neural
networks, transformer-based models, classical machine learning models, or hybrid
approaches [49, 50, [52]. The selections shall consider trade-offs between accuracy,

computational complexity, interpretability, and deployment constraints [9, 51} [62].
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A specific model architecture is then identified and described in detail, including
its structural components such as the input representation, processing layers, and
output configuration [50} 51]. Where applicable, the architecture is decomposed
into functional modules (e.g., backbone, intermediate layers, output heads) [50,
59, B8]. The output heads then function as the prediction mechanism for object
localization and classification [58] [64]. The data flow is specified explicitly to
ensure reproducibility [T, 26].

Finally, the chosen architecture is critically evaluated with respect to its
suitability for the task, ability to handle the given data characteristics, and
performance-related strengths, as well as its limitations regarding sensitivity to
data quality, potential failure scenarios, and interpretability constraints [1I, 26].
The explainability characteristics of the model are discussed, and the choice of
architecture is justified by demonstrating its alignment with the previously defined

requirements |1, [12] 27].

3.3.2 Learning Process Specification

Step (2) specifies the learning process of the selected model, fulfilling objective
LM-02 [I]. In line with regulatory expectations, the learning process shall be
fully specified before implementation to guarantee transparency, traceability, and
auditability of all design decisions [I].

The process begins with selecting an appropriate learning paradigm and
algorithm. Depending on the problem formulation and the availability of labeled
data, different options, such as supervised, unsupervised, or reinforcement learning,
may be used. Supervised learning approaches are often favored for perception-
based tasks due to their ability to leverage annotated datasets [9, [4§].

After selecting the algorithm, the functional components of the learning model
shall be defined in detail. This includes the specification of activation functions,
which introduce non-linearity to the model and directly affect training stability and
convergence behavior [67]. The stability and convergence properties of the chosen
activation functions shall be considered, as certain functions may exhibit failure
modes such as gradient vanishing or neuron inactivation that can compromise
training reliability [67].

A critical component of the learning process specification is the definition of the
loss function. This determines the objectives of the optimization process during
training and therefore directly influences the behavior of the resulting model. More
specialized loss formulations may be required for complex tasks such as object
detection. The chosen loss function shall align with the evaluation metrics used
to assess model performance. For example, employing Intersection over Union

(IoU)-based losses ensures that the training objective directly reflects performance
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measures such as mean Average Precision [65], 68]. In tasks with significant class
imbalance, techniques such as Focal Loss can be considered to ensure that rare
but safety-critical objects receive adequate attention during training [65], 68].

In order to enable a structured evaluation of the learning process, relevant
performance metrics shall be defined. In the context of supervised learning, this
involves characterizing bias and variance to assess underfitting and overfitting
behavior [I, [59]. Additionally, robustness metrics shall be specified to evaluate
model performance under different environmental conditions [27, [38].

Another essential element is the definition of hyperparameters, including the
learning rate, batch size, number of training epochs, and regularization parame-
ters [9] [61]. Selecting the right hyperparameters has a significant impact on both
model performance and training stability [69]. The search space shall be defined
based on domain knowledge or empirical default values, as an unstructured search
space can exclude optimal configurations or waste computational resources [69].
While grid search becomes infeasible for high-dimensional parameter spaces, ran-
dom search and Bayesian optimization offer more efficient alternatives—the latter
being particularly suitable for expensive model training processes [70, [71]. To
avoid optimistic bias in model evaluation, hyperparameter tuning shall be per-
formed exclusively on the validation dataset, while the test dataset remains strictly
isolated for final performance assessment [66, [69).

In addition, the initialization strategy for the model parameters shall be spec-
ified. The choice between random initialization and using pretrained weights
substantially impacts convergence speed and final model performance [59]. Trans-
fer learning is often preferred in practical applications because it leverages prior
knowledge and reduces the necessary training data [9]. Pre-trained weights from
generic datasets may introduce domain bias when applied to specific environments,
making full fine-tuning of the entire network essential to adapt learned represen-
tations to the target domain [38, [59]. When fine-tuning a pre-trained model, a
phased training approach is recommended: first training only the task-specific
output layers while keeping the pre-trained backbone frozen, followed by full
network fine-tuning [59] 61]. Regardless of the chosen approach, the initialization
strategy shall be explicitly documented and justified. The outcome of this step
is a complete and traceable specification of the learning process that forms the
basis for the subsequent training phase and ensures compliance with the learning

assurance framework.

3.3.3 Training Environment Definition

Step (3) of the learning process management methodology addresses the definition

of the training environment in which the learning process is executed. In accordance
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with objective LM-02, the training environment shall be clearly identified to ensure
transparency of the conditions under which the model is developed [1]. As existing
regulatory guidance provides only limited detail on how this objective should
be operationalized, this step introduces a structured approach for specifying the
training environment, including the hardware and software components required
for reproducibility, verification, and certification.

The hardware environment is defined by specifying all computational resources
involved in the training process. This includes, in particular, the type and
configuration of graphics processing units (GPUs), central processing units (CPUs),
system memory (RAM), and storage components [I], 26]. These elements directly
influence the feasibility and performance of the training process, as they determine
factors such as computational capacity, training duration, and the range of possible
training configurations [I]. For instance, the available GPU memory constrains
the maximum batch size, while the overall computational performance affects
convergence time [9, 6I]. A documentation of the hardware setup ensures that
the training process is reproducible under equivalent conditions [II, 26].

The software environment shall be fully specified, including the operating
system, machine learning frameworks, and all relevant libraries and dependencies
required for model training [1l 26]. Particular importance is given to the explicit
definition of software versions, as variations in frameworks or libraries may lead to
differences in training behavior and model performance [41], [59]. By establishing
a consistent and well-defined software stack, unintended variability is minimized,
thereby ensuring comparability and reproducibility of results [I].

The training configuration is defined according to the specified training en-
vironment. Unlike the hyperparameter values defined in Step (2), the training
configuration defined here focuses on the constraints imposed by the environment,
like what is computationally feasible given the available hardware. This includes
parameters that are directly influenced by the computational setup, such as batch
size, number of training epochs, and the degree of parallelization during data
loading and processing [41}, 59, [61]. They are not defined in isolation but are
explicitly linked to the capabilities and constraints of the hardware and software
environment [9, 4T]. This ensures a stable training process and is reproducible
when executed under the same conditions [9, [57]. The result is a structured speci-
fication of the training environment, covering hardware, software versions, and

configuration parameters required for reproducibility and later verification [I} 26].
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3.4 Safety-by-Design Methodology for Model Training

The proposed model training methodology comprises two steps, as illustrated
in Figure Both steps operationalize objective LM-05, which requires the
documentation of model training results [I]. The first step covers the execution of
the training process, while the second addresses its documentation. The order of

the steps reflects the logical structure of the training process.

(1) Model Training Execution

Y
(2) Training Documentation

Figure 5: The two steps of the Model Training Methodology.

3.4.1 Training Execution

Step (1) of the model training methodology performs the execution of the training
process. While EASA objective LM-02 specifies the expected process, LM-05
requires documentation of the results. The execution itself is the connecting
step between these [I]. This step produces the trained model and performance
indicators, which serve as input for the documentation step.

During training, the model’s performance is continuously monitored. This
includes tracking the loss progression as well as relevant performance metrics,
such as precision, recall, or mean average precision (mAP), depending on the
application. These metrics provide an initial indication of the model’s learning
behavior and its ability to capture patterns within the training data [I} 59).

It is important to note that this step only operates on the training dataset.
The validation and test datasets are not considered at this stage, as they are
reserved for subsequent evaluation steps [, [69]. This separation ensures that the
training process remains focused on parameter optimization.

The training process is executed iteratively. Based on the results, adjustments
to the learning process management can be made. These may include changes of
hyperparameters, model configuration, or data-related aspects. Whenever such
modifications are introduced, the training execution shall be repeated to ensure
that the model is consistently trained under the updated conditions 9} [59].

The training process shall continue until convergence criteria are met, such as
reaching a plateau in validation loss or until the predefined number of epochs is
reached. Early stopping may be applied to prevent overfitting [59]. The result
is a trained model with learned parameters and initial performance indicators,

which sets the basis for the subsequent evaluation in Step (2).
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3.4.2 Training Documentation

Step (2) of the model training methodology focuses on the documentation of the
training results. In accordance with objective LM-05, the outcomes of the model
training shall be recorded to ensure transparency, traceability, and reproducibility
of the learning process [I]. This step focuses on the structured documentation
of the applied configurations and the resulting model performance. It does
not introduce new design decisions, but captures how the previously defined
architecture, learning process, and training environment were applied in training.

The documentation includes all relevant information required to reproduce
and evaluate the training process. This includes the applied training configuration,
such as the selected hyperparameters, optimization strategy, loss function, and
number of training epochs; as well as the corresponding model version [41], 59, 61].
Documenting the actual configuration used during training ensures consistency
between the defined learning process and its implementation can be verified [1].

In addition to the training configuration, the achieved training results shall be
documented [T}, 26]. This includes the progression of the loss function throughout
training, as well as relevant performance metrics as described in the model
training execution [9) [38]. These results provide a transparent representation
of the model’s learning behavior and set a basis for subsequent evaluation and
validation steps [41], [59].

The documentation shall reflect the iterative nature of the training process.
When performing multiple training runs, each iteration shall be recorded along
with the corresponding changes. This enables a comparison of different training
configurations and justifies the final model selection [38, 59]. The result is a
structured training documentation that enables reproducibility and subsequent
evaluation. This documentation contributes to the overall traceability of the
Al-based system.

The presented methodology implements selected objectives of the EASA
Concept Paper and provides structured guidance. Since only a subset of the EASA
objectives is addressed, the methodology does not constitute a complete assurance
process. Instead, it covers data management, learning process management, and
model training of the assurance process for Al-based systems. Fulfilling the
selected objectives is a necessary prerequisite for the learning assurance process
and provides a structured foundation for the safe development of ML-based

aviation systems.
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4 Implementation and Validation

The following chapter presents the application of the previously developed Safety-
by-Design methodology to a concrete use case of runway object detection. The
alm is to demonstrate the practical applicability of the methodology and to
validate its ability to guide the development of Al-based systems in compliance
with EASA requirements. All three phases of data management, learning process
management, and model training are covered. Each step is applied, and the

outcome is documented to ensure traceability and reproducibility.

4.1 Use Case Definition & System Context

The use case presented in this thesis is the automatic detection of FOD and other
safety-critical objects on runways. As described in Section [1.1] such objects on the
runway pose a significant safety risk to flight operations [3]. The system’s goal is
to assist the flight crew during the final approach. If a hazard is detected, the crew
receives the information in time to initiate a go-around maneuver if necessary. In
accordance with the EASA level classification, this system is therefore categorized
as a Level 1 Al application. It provides detection support while the flight crew

maintains full authority over any resulting actions [I].

jE i 0 Malicious) Foreign Object
(0] sh AN ( .
b j Intruder Z) Debris (FOD)
Ownship
Camera FoV

Figure 6: Operational concept of the runway object detection use case,
illustrating the aircraft approach scenario with camera-based detection of foreign
object debris on the runway.

The described use case is illustrated in Figure [6] An aircraft, referred to as the
ownship, is on final approach to the runway. As shown, a camera is mounted on
the underside of the approaching aircraft, and its field of view (FoV) covers the
runway surface ahead. It continuously captures images of the runway during the

final landing approach. The recorded images are supplied as the input elements
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to an Al-based object detection system. This component detects and classifies
objects located on or near the runway. Detection targets include aircraft, ground
vehicles, persons, drones, and various categories of FOD.

In accordance with the system architecture proposed by EASA and introduced
in Section [3.1.2] the overall system can be divided into a traditional subsystem and
an Al-based subsystem [I]. On the one hand, the traditional subsystem comprises
the aircraft itself, the aviation electronics techniques, and the camera hardware.
The Al-based subsystem, on the other hand, is the perceptual component that
processes camera images and outputs bounding box predictions with corresponding
class labels. Since this work focuses exclusively on the Al-based subsystem, the
traditional subsystem is assumed to be given and is not the subject of this work.

The following documents the application of the methodology developed in
Section [3] to this use case. First, the simulation-based dataset is created. It is
a synthetic dataset for runway object detection developed specifically for this
work. It is created in accordance with EASA objectives DM-01, DM-03, and
DM-06 Section[3.2] Second, the development and training of the YOLO11m object
detection model is described in accordance with objectives LM-01, LM-02, and
LM-05 Section and Section Each development step is documented and
assigned to the corresponding EASA objective.

4.2 Experimental Setup

The experimental setup consists of two parts. The creation of the dataset in a
simulation environment and the training of the object detection model on GPU
hardware. Unreal Engine 5.3 (UE) is a photorealistic, real-time rendering engine
developed by Epic Games [72]. ProjectAirSim (AirSim) is an open-source plugin
built on UE5S that is designed for simulating aircraft and autonomous vehicles [73].

Figure [7|illustrates the simulation-based data generation pipeline. UE provides
the visual simulation environment and photorealistic airport model, and AirSim
handles the aircraft’s approach. Together, they enable fully controlled generation
of annotated camera images from the perspective of a landing aircraft. Bounding
box labels are created automatically through a 3D-to-2D projection ensuring that
every image in the dataset has a precise and consistent annotation [39, [41].

The motivation for using synthetic data in this work is the infeasibility of col-
lecting real-world data for this use case, as discussed in Section [2l Comprehensive
annotated datasets of runway objects captured during real landing approaches do
not exist [3, O, 46]. The simulation directly addresses this gap and offers three
key advantages. Precise control over environmental conditions such as lighting

and weather, ensuring systematic ODD coverage |29, 30, [39]. Full configurability
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Figure 7: AirSim pipeline for synthetic data generation, illustrating the creation
of image frames and YOLO labels using Unreal Engine 5.3 and Project AirSim.

of object placement, flight path, and camera settings across multiple runs [40, [59]
and fully automatic bounding box annotation through 3D-to-2D projection, elimi-
nating manual labeling effort [39] [74]. However, the use of simulation introduces
a simulation-reality gap that must be considered when interpreting the model’s
transferability to real-world operations [38].

In addition to the simulation environment, the experimental setup includes
hardware and software, listed in Table 2] The training is performed on a server
at the German Aerospace Center (DLR), providing an NVIDIA GeForce RTX
4090 GPU. The Ultralytics framework (version 8.3.233) is installed for train-
ing, providing a standardized implementation of the YOLO model architecture.
The YOLO11m model is initialized with pretrained weights from the COCO
dataset [60].

Table 2: Hardware and Software environment used for model training.

Component Version Role

NVIDIA RTX 4090 24GB VRAM Training GPU

Python 3.10.12 Runtime environment
PyTorch 2.9.14-cul28 Deep learning framework
Ultralytics 8.3.233 YOLO model implementation
CUDA 12.8 GPU computing

cuDNN 9.10.2 GPU neural network library
OpenCV 4.11.0 Image processing

NumPy 2.2.6 Numerical computation
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Figure [§ shows the complete data workflow of this study. As shown, the entire
experimental procedure is divided into two sections. The section on the left covers
data management, including ODD traceability, DQR definition, simulation-based
data generation, preprocessing, and dataset splitting. The section on the right
comprises two training phases and a final evaluation on the test dataset, which is

part of model development. Both sections are described in detail in the following.

Data management ; Model development

ODD traceability & DQR definition Phase 1 — head-only training

Frozen backbone, 10 epochs, Ir = le-4
v - ‘ \ 4 .
Simulation-based data generation 7 Phase 2 — full fine-tuning
UE 5.3 + ProjectAirSim, 15,183 frames ! Al layers unfrozen, 50 epochs, Ir = le-3
. v . v E
Preprocessing & run-based split | J | Test set evaluation
Label remap, DQR check, 9,640 / 1,928 / 1,928 1 mAP@0.5 = 0.263, 8 target classes

J

Figure 8: Overall data pipeline of the runway object detection use case,
illustrating the process from ODD-based data management and simulation-based
dataset generation to model training and evaluation.

4.3 Simulation-Based Dataset Creation
4.3.1 Input Elements

Since the focus of this work is on the Al-based perception component, a system-
level ODD is out of scope, the analysis is restricted to the AI/ML constituent
ODD defined below. The ODD is a key input for the data generation process that
specifies the environmental and scenario-related constraints [1I, 33]. In this work,
the landing approach on RWY 23 at Hamburg Airport (EDDH) is selected as the
operational scenario, as illustrated in Figure [9] where the runway is highlighted.
This configuration represents a typical instrument landing scenario and provides
a realistic basis for the ODD definition.

The environmental conditions are limited to daytime operations between 10:00
and 14:00 under cloudy weather conditions. This time frame was chosen to
ensure stable illumination and to avoid the extreme shadows caused by the low

solar angle during sunrise or sunset. Cloudy conditions were chosen because
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Figure 9: Unreal Engine implementation of the Hamburg Airport environment
shown from an altitude of approximately 2,500 m. The overview illustrates the
extent of the simulated airport map and its surrounding urban environment.

they are representative of the selected location and because they reduce harsh
shadows, glare, and strong variations in direct sunlight. Such shadows would
negatively affect the detection performance. Consequently, the generated images
reflect environmental conditions that are both location-specific and suitable for
controlled, consistent visibility during dataset generation. The resulting visibility
and illumination characteristics are illustrated in Figure [10]

The following entity types are considered within this operational scenario:
airplane, container, debris_pile, debris_ scatter, drone, person, suitcase, and vehicle.
Multiple 3D asset models represent each class to increase intra-class variety and
ensure a more representative dataset [39]. An exception is debris, which is split into
two distinct classes, debris_pile and debris_ scatter, due to the visual differences
between piled and scattered debris on the runway surface. These entities represent
both safety-critical hazards, such as FOD, as well as security-relevant threats,
such as unauthorized drones. They provide a comprehensive scope of detection
for the landing approach.

The ownship, equipped with a camera system, follows a predefined landing
trajectory. The approach starts at a distance of approximately 800 m before
the runway threshold at an altitude of approximately 138 m (453 ft) AGL and
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Figure 10: Camera perspective during the simulated approach to RWY 23 at
Hamburg Airport. The image shows the midpoint of the approach trajectory and
illustrates the visual perspective used for image generation.

400 m past the threshold at approximately 24 m (79 ft) AGL. This covers a total
trajectory length of 1200 m. The approach speed is assumed to be 66 m s~ (128 kn)
on a glide slope of approximately 3.1°. The camera system is mounted on the
underside of the ownship at a pitch of —15°, that is, 15° below the horizontal plane.
It has a horizontal field of view of 60° and a capture resolution of 1920 px x 1080 px.

The resulting camera perspective during the approach is illustrated in Figure [I0]

4.3.2 ODD Traceability

In accordance with Step (1) of the Data Management Methodology, as described
in Section [3.2.1] this section establishes the traceability between the defined ODD
and the data used for the learning process [I]. The goal is to ensure that the
generated dataset represents the relevant operational conditions and that all data
requirements can be traced back to the ODD parameters. The result of this section
is the ODD-to-Data Traceability Matrix, provided in Table [§| in the Appendix.
Based on the above-described ODD, concrete data requirements are derived to
ensure that the generated dataset represents the relevant operational conditions.
Environmental constraints are translated into data generation parameters. Each
is assigned a unique ODD identifier (ODD-ID). The following seven parameters
were extracted: the time of day (ODD-01), the weather condition (ODD-02), the
airport and runway configuration (ODD-03), the ownship landing trajectory (ODD-
04), the ownship speed (ODD-05), the object classes present in the operational
environment (ODD-06), and the camera system specification (ODD-07).

Six of the seven parameters were assessed as data-relevant because they directly
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affect the visual content of the generated images, the labeling process, or the
expected model behavior [I}, 26]. The ownship speed (ODD-05) was assessed as
not data-relevant, since the model operates on individual image frames and does
not perform sequential modeling [I]. The speed, therefore, does not affect the
input data, labeling, or model behavior.

For each data-relevant parameter, a concrete data requirement was derived
to specify the necessary data objects and value ranges for ODD-conform data
generation |26, [33]. The environmental constraints (ODD-01 and ODD-02) result
in consistent daytime imagery under cloudy weather conditions. The airport
and runway configuration (ODD-03) defines the visual context of the scene. The
ownship trajectory (ODD-04) controls the camera perspective throughout the
approach, resulting in images that vary in object scale, distance, and viewing angle.
To keep it realistic, objects are scaled to reflect their real-world physical dimensions.
Variability is introduced through different object instances and positions. The
object classes (ODD-06) define the detection targets and directly influence the
labeling process. The camera specification (ODD-07) determines the resolution
and sampling of all generated images.

Two data sources were identified. The flight simulator (SRC-01) serves as
the primary source for all image data. This enables control over all relevant
environmental and scenario parameters [37]. The second data source (SRC-02)
provides real-world approach data from Hamburg Airport (EDDH) to calibrate the
simulated approach path. Using a custom query script, 1329 real-world approaches
to RWY-23 were extracted from the OpenSky Network’s Trino database [75],
covering the period from March 5 to April 5, 2024. For each 500 meter waypoint,
median values for altitude, speed, and rate of descent were calculated. The
resulting reference trajectory — approximately 305m (1000 ft) AGL at 65ms™*

(126 kn) — served as the basis for parameterizing the simulated approach path.

4.3.3 DQRs Operationalization

In accordance with Step (2) of the data management methodology Section [3.2.2]
the data requirements defined in the ODD traceability matrix are translated
into concrete, verifiable quality rules. For each DR, the question, How would the
applicant recognize that this DR is not fulfilled?, shall be answered. Based on this,
the DQRs are formulated, defined, and verified against the dataset. The DQRs,
their respective verification methods, and the verification results are listed in
Table [9]in the Appendix. The controlled simulation environment satisfies DQR-01
through DQR-04 and DQR-08 directly by design: time, weather, airport scene,
trajectory coverage, and image resolution are all fixed parameters in the simulation

configuration. DQR-05, DQR-06, and DQR-07 each required corrective action.
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The initial verification of DQR-05 revealed that not all eight target classes were
represented correctly in the label files. Due to a label ID collision described in DQR-
06, some object classes were associated with the wrong class index. Consequently,
some target classes appeared absent or mislabeled when the annotation files were
inspected. This issue was resolved as part of the label remapping correction
described below. After remapping, all eight classes were verified to have annotated
instances across all three dataset splits.

During the verification of DQR-06, a label collision was identified between the
COCO class index used in the pretrained YOLO11m model and the local class
index assigned during the simulation-based generation of the data. Specifically,
the COCO dataset assigns 0 as the class person and 5 as the class airplane [60].
The local simulation assigned 0 to airplane and 5 to person. Similar collisions
happened for the class drone and the wvehicle. Without correction, the model
would have learned incorrect class associations during training. The issue was
resolved by applying a label remapping script that translated all local simulation
indices to the correct target indices across the entire dataset before training. With
the correction, DQR-06 was satisfied.

Another problem occurred with DQR-07. The initial verification of DQR-07
revealed a background frame rate of approximately 28 %. This exceeded the
defined threshold of 20 %. The elevated rate was due to the additional creation
(empty/ category) data, in which the runway was recorded without any placed
objects. These frames were generated to implement negative examples in the
dataset. However, their inclusion raised the background rate above the acceptable
limit, since the regular data creation already naturally created negative examples.
To solve this problem, the empty/ category was subsequently excluded from the
training, validation, and test splits. After this adjustment, the background frame
rate was reduced to approximately 18 %, satisfying DQR-07.

After taking corrective action, all eight DQRs were verified as fulfilled. There-
fore, the dataset is considered compliant with the defined data quality requirements

and is ready for preprocessing and partitioning steps.

4.3.4 Controlled Data Processing

The following covers Step (3) of the data management methodology in Section[3.2.3|
It transforms the raw simulation data into a structured and model-ready dataset.
The processing steps follow the order defined in Section [3] starting with prepro-
cessing, which cleans and prepares the data, followed by transformation into the
target format.

Because the data comes from a controlled simulation environment, preprocess-

ing steps such as removing corrupted or defective images, handling missing values,
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and harmonizing different image formats are unnecessary. All generated images
are in a consistent format and already fully annotated. The most important pre-
processing step is label remapping. This was previously described in the context
of checking the DQRs, see Section In this process, the new local class
index from the simulation was mapped to the correct target index of the YOLO
model. Additionally, the empty/ category is excluded from the dataset, as its
inclusion raised the background frame rate above the defined threshold of 20 %, as
described in Section [4.3.3] Furthermore, the bounding box labels are automatically
generated [39, 41]. This happens during the simulation via a 3D-to-2D projection.
The three-dimensional coordinates of each object are transformed into image
coordinates and saved in the corresponding YOLO format [39] 41]. YOLO format
describes each bounding box using five values: class index, normalized center
position, and the box’s width and height relative to the image [58]. Bounding box
annotations are used rather than segmentation masks, as the rectangular format
is sufficient for object detection tasks and reduces annotation complexity [48].

During data transformation, no manual image resizing is required. The
Ultralytics framework automatically scales images from 1920 px x 1080 px to
640 px x 640 px and normalizes pixel values during training [58] The dataset
consists of 56 simulation runs, with each run comprising 241 frames captured at
five-meter intervals along a 1200-meter approach trajectory. Each simulation run
contains one placed object per frame. This results in a total of 15,183 consistent,
labeled frames in a uniform format and a defined background rate of 18 %. The
generated dataset forms the foundation for the final step of the data management
methodology.

Representative frames from the generated dataset are shown in Figure
illustrating one sample per class with the corresponding ground truth bounding
box. For the classes drone, person, suitcase, and container, the target object
covers only two to three pixels due to the long approach distance and their small

physical size. This illustrates a fundamental detection challenge for these classes.

Figure 11: Sample frames from the generated dataset illustrating the result of the
simulation-based data generation and automatic annotation pipeline. Each image
shows one representative frame per object class with the bounding box.
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4.3.5 Independent Dataset Partitioning

The last step in the data management is the division of the dataset into three
independent subsets: training, validation, and test data. This step fulfills EASA
Objective DM-06 [1], as described in Section[3.2.4 A key dataset design decision is
choosing the partitioning unit. Partitioning is performed at the level of simulation
runs rather than at the level of individual frames. All 241 frames within a run
come from the same approach, involving the same object in the same position
on the runway, showing the same object from slightly different distances and
angles. Therefore, they are spatially and temporally correlated [62]. A frame-based
division would distribute these correlated frames across different subsets [69]. This
would lead to information leakage between the training and test data [33] 64].
The run-based division ensures that all frames of an approach are fully assigned
to a single subset.

Seven simulation runs represent each of the eight object classes. These runs
are distributed across the three subsets at a ratio of 5 /1 /1. This reflects a split of
71 /14 /14 for training, validation, and testing [64]. Table |3| gives an overview of
the splits. The background rate remains consistent across all three splits, covering
a range from 15.4 % to 19.5 %, because the background frames are generated by

the flight path and distributed evenly across all runs [32].

Table 3: Dataset split overview after run-based partitioning.

Split Frames Runs per class Total runs Background rate

Train 9640 5 40 18.1%
Val 1928 1 8 15.4%
Test 1928 1 8 19.5%
Total 13496 7 56 17.9%

The test dataset is strictly isolated from the training and validation data.
It is never used during model development or hyperparameter selection. It is
reserved exclusively for the final, unbiased evaluation of the trained model [69].
This completes the data management. It meets all the defined DQRs and is ready

for the learning process management.

4.4 Model Development
4.4.1 Model Architecture Definition

The model development begins with the definition of the model architecture as
described in Section [3.3.1] In order to decide on the model architecture, the use

case for the model must first be considered. In this work, the model shall detect
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and classify safety-critical objects in camera images of the runway. The use case
falls under the category of object detection. For each object detected, the model
must output a bounding box and a class label [50]. A simple image classification
would be ineffective because the exact location of the object in the image is
relevant [48]. Instance segmentation is not appropriate for this use case because
pixel-precise contours do not provide additional information for the go-around
decision. The model must identify eight target classes and handle a variety of
object sizes.

Based on these requirements, the YOLO model family is selected [54]. As
discussed in Section Section [2.2.2] YOLO outperforms two-stage and transformer-
based alternatives in inference speed and data efficiency [48, [57], making it the
established standard for runway object detection tasks [53]. Additionally, the
YOLO model family is used for object detection applications at airports and
runways and is considered an established standard for this task [9] [55], 56]. Within
the YOLO family, there are different variants and versions. Although newer
YOLO versions were available at the time of implementation, YOLO11m was
selected because it represents the most recent version with sufficient peer-reviewed
literature and best practices for fine-tuning and transfer learning [51, 58, [61].
Adopting a version without an established methodology would have undermined
the literature-based approach central to this thesis. Among the available variants
from nano to extra large, the medium variant YOLO11m was selected for its
balance between model size, inference speed, and detection accuracy [58].

Figure shows the architecture of the YOLO11m model in a simplified
representation. The model consists of three functional components [58]. On the
left side, the backbone, which is based on CSPDarknet, extracts hierarchical
visual features from the input image. In the middle, the neck combines these
features with a feature pyramid network (FPN) and a path aggregation network
(PAN) [50}, 58]. This creates a multi-scale feature representation. The detection
head processes this representation and generates predictions consisting of class
probabilities and bounding box coordinates [5§].

The selected YOLO model is already initialized with pre-trained weights from
the COCO dataset [5I]. The COCO dataset contains 80 categories of common
objects [55]. Since COCO and the generated dataset use a different number and
type of classes, the detection head is replaced with a newly initialized head with
eight outputs, according to the number of classes of the generated dataset. The
backbone and neck use the pre-trained COCO weights as a starting point for the
fine-tuning. This transfer learning strategy enables stable results on a relatively
small dataset, because the backbone’s general visual features do not need to

be learned from scratch [9, [61]. The model only accepts input images with a
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Figure 12: Architecture of the adapted YOLO object detection model,
illustrating the pretrained backbone, multi-scale feature fusion neck, and newly
initialized detection head for runway object detection.

resolution of 640 px x 640 px [62]. As described in Section [3.2.3] the Ultralytics
framework automatically scales and normalizes the original simulation images to
the required input format. Overall, YOLO11m is well-suited for this task. Its
multi-scale feature architecture covers the full range of object sizes present in the
dataset, while the transfer learning strategy reduces the required training data [58].
Notably, like all neural networks, YOLO11m offers only limited explainability,
due to its complexity [51) [66]. Individual decisions cannot be traced back directly,
which is a relevant in the context of EASA transparency requirements and must

be addressed in future verification steps beyond the scope of this work.

4.4.2 Learning Process Specification

As described in Section [3.3.2] this step involves fully specifying the model’s learn-
ing process before starting with the training. All design decisions are documented
in accordance with EASA objective LM-02 [I]. The YOLO model is trained using
supervised learning. Each image in the dataset is annotated with a bounding
box and class labels [48]. These serve as targets for the optimization process.
Supervised learning is a suitable approach for vision-based tasks, such as object
detection [6]. Stochastic gradient descent (SGD) is used as an optimization algo-
rithm with momentum combined with a cosine-shaped learning rate decay schedule
(cosine annealing) [76]. Additionally, YOLO11m uses SiLU (Sigmoid Linear Unit)
as the activation function in the backbone and neck of the model [58]. SiLU was
chosen over standard ReLLU because it avoids the dying ReLU phenomenon, in
which neurons become permanently inactive when their inputs are consistently
negative, resulting in zero gradients and no further learning [67].

A key design decision is dividing the training into two phases, as shown in
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Figure [I2] In Phase 1, only the newly initialized detection head is trained while
keeping the backbone frozen. The aim is to stabilize the detection head before
adjusting any of the pre-trained backbone weights. Without this stabilization,
training all layers in Phase 2 at once would lead to gradient shock, which would
destabilize the pre-trained features and disrupt the training process [9, 61]. In
Phase 2, all layers are unlocked and trained together. Now, the model can adapt
the backbone’s pre-trained COCO features to the runway environment’s specific
visual characteristics. Pre-trained weights from COCO may introduce domain
bias when applied to the runway simulation environment. Full fine-tuning in
Phase 2 is therefore essential to adapt the learned representations to the target
domain [38, [59]. Mosaic and copy-and-paste augmentation are enabled in this
phase [51]. They address class imbalances in the dataset and improve the model’s
ability to handle different object positions and scales [55].

Another important element is the loss function. YOLO11m optimizes three
loss components during training [62]. The box loss, L1,.x, measures the localization
accuracy of the predicted bounding boxes using an intersection over union (IoU)-
based metric [58]. The classification loss (CLS), L, uses binary cross-entropy to
evaluate class predictions. The Distribution Focal Loss (DFL), L4g, improves the
precision of box boundary estimation through a distribution-based approach. The

total training loss, Liotal, is the weighted sum of these three components [5§].
Liotal = 7.9 Liox + 0.5 Logs + 1.5 Lyg. (1)

For bounding box regression, the Ultralytics implementation uses a CloU-based
loss rather than standard MSE, as it accounts for box overlap, aspect ratio, and
center distance simultaneously, providing more stable convergence than squared
error metrics [65], 68].

The primary evaluation metric used is mean average precision (mAP) with
an IoU threshold of 0.5. If the predicted bounding box overlaps the ground
truth object by at least 50 % IoU, a detection is correct [48, [65]. Precision and
recall are combined in the precision-recall curve [48]. Average precision (AP) is
calculated per class as the area under the precision-recall curve [65]. mAP@0.5
is the average of these values across all eight target classes [48, 5I]. mAP@0.5
was chosen as the primary metric for two reasons. First, it is the standard metric
in object detection research, allowing for direct comparison with related FOD
detection work [53] [56]. Second, mAP@0.5 captures both the classification quality
and the localization accuracy of the model in a single value [77]. This makes
this metric well-suited for evaluating the overall detection capability of all eight

target classes. The threshold of 0.5 was chosen over stricter thresholds such as
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mAP@O0.75 or mAP@0.5:0.95, as the primary objective is reliable object detection
rather than pixel-precise localization [65]. A bounding box that correctly identifies
the presence and approximate location of a hazard is sufficient for the go-around
decision [53]. Considering the use case, the focus is on safety-critical runway
detection. Therefore, recall is particularly important because a missed detection
presents a higher risk than causing a false alarm [27]. The mAP@0.5 metric
considers recall through the precision-recall curve, reflecting this critical safety
aspect of model performance [I].

Table 4] lists the hyperparameters for both training phases. In accordance
with the methodology, hyperparameter decisions were evaluated exclusively on
the validation dataset. The test dataset was not consulted during any training or

tuning decision, ensuring an unbiased final evaluation [69].

Table 4: Hyperparameter configuration for Phase 1 and Phase 2 training.

Hyperparameter Phase 1 Phase 2
Epochs 10 50
Learning rate 104 103
Batch size 32 32
Image size 640 px 640 px
Frozen layers Backbone (freeze =10) None
Mosaic augmentation 0.0 1.0
Copy-paste augmentation 0.0 0.3
Close mosaic (final epochs) N/A 10
Optimizer SGD SGD
Random seed 42 42

Table 4] shows the lower learning rate in Phase 1 (10~1), ensuring the detection
head gradually converges without compromising the training process’s stability.
In Phase 2, the learning rate is set to 102, which is ten times higher than the one
used in Phase 1. The higher learning rate allows layers to adapt more effectively
to the runway detection problem [62]. The cosine annealing schedule gradually
reduces the learning rate toward the end of each phase, allowing the model to make
increasingly fine-grained weight adjustments and settle into a stable optimum [58].
Given the scope of this thesis, hyperparameters were set based on established de-
faults and literature values rather than systematic optimization [58,[59]. While the
methodology recommends Bayesian optimization for hyperparameter tuning [70],
this was not applied here as the primary goal is to validate the Safety-by-Design
methodology rather than to maximize model performance. Mosaic augmentation
combines four images into one frame, while copy-paste places objects from other
images into the current scene [76]. This method is helpful for underrepresented

classes, such as drone, person, and suitcase [61].
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4.4.3 Training Environment Definition

In accordance with EASA Objective LM-02, the training environment is fully
specified to ensure transparency and reproducibility of the training process. The
hardware and software used are already documented in Section and listed in
Table 2| Training is performed on an NVIDIA GeForce RTX 4090 GPU with
24 GB of VRAM. The available GPU memory capacity limits the maximum batch
size. The batch size of 32 was chosen. This ensures a good balance between
memory usage and training efficiency [69]. Larger batch sizes were not possible
with the selected image size of 640 px x 640 px without exceeding the available
VRAM. The Ultralytics framework (v8.3.233) provides a complete training and
evaluation pipeline [5I]. It automatically handles image preprocessing, data
loading, and calculating loss functions and metrics [69]. A fixed random seed of
42 ensures the reproducibility of all stochastic processes during training [32]. The
seed is set identically in both training phases. The full description of the training
environment ensures that the training process can be replicated under the same
conditions, which is a prerequisite for learning assurance according to EASA [1].
All training environment parameters are documented in a structured, human-
and machine-readable format, enabling the generation of evidence required for

verification and certification activities [I], 26].

4.4.4 Training Execution & Documentation

This section implements Steps (1) and (2) of the model training methodology, as
described in Section and Section The training follows the specification
in Section [£.4.2] Phase 1 and Phase 2 are carried out sequentially. The best
checkpoint from Phase 1 is used as the starting point for Phase 2.

During training, only the training dataset is used for parameter optimization.
The validation dataset is used to evaluate the progress at the end of each epoch,
but does not influence the weights. The test dataset remains completely isolated
in both phases and is only used for the final evaluation in Section [5} Training
progress in both phases is continuously monitored and documented. This includes
the three loss components (Box, CLS, and DFL) as well as the validation mAP@0Q.5
for each epoch. The resulting training curves for Phase 1 and Phase 2 are shown
in Figure [13] and Figure [14] respectively

In accordance with EASA objective LM-05, all relevant training elements are
documented and stored in files [I]. This includes the hyperparameters used in
both phases, saved model checkpoints, and training and validation metrics for
each epoch. This documentation ensures traceability and reproducibility of the

training process, forming the basis for possible model verification.
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5 Results

5.1 Descriptive Results

This chapter presents the results of implementing and validating the Safety-by-
Design methodology. For this reason, two training experiments were conducted
and evaluated on the same restricted test dataset. They are referred to as Phase
1 and Phase 2. As a reference point, the pretrained YOLO11m model is first
evaluated in a zero-shot setting. This means that it is evaluated without any
additional training on the FODzilla dataset. This evaluation establishes the extent
of the domain gap. Here, the model achieves an mAP@Q.5 value of 0.0008. This
result indicates that a pretrained YOLO model cannot detect runway objects
from a landing approach perspective without domain-specific fine-tuning. Two
factors contribute to this: first, the significant visual domain gap between generic
COCO images and the simulated runway environment, and second, the fact that
several target classes are not represented in the COCO dataset and are therefore

entirely unknown to the pretrained model [60)].

5.1.1 Phase 1

The training follows a two-Phase approach. In Phase 1, only the newly initialized
eight-class detection head is trained. The backbone remains frozen during this
process. The training runs for 10 epochs with a learning rate of 10~* and a batch
size of 32.

YOLO11m optimizes three loss components simultaneously. These are box
loss for bounding box localization, classification loss for class prediction, and
distribution focal loss for precise boundary estimation. As shown in Figure [13] all
three training loss values drop constantly throughout all 10 epochs. Meanwhile,
the validation mAP@Q.5 increases from 0.07 in the first epoch to 0.18 in the last
one. Training proceeds smoothly with no signs of overfitting, as the validation loss
decreases consistently alongside the training loss throughout all 10 epochs without
divergence [59]. The frozen backbone ensures a controlled learning process, as the

model’s pre-trained COCO features remain unchanged.

5.1.2 Phase 2

In Phase 2, all network layers are unfrozen and trained together in a full fine-tuning
process. Here, the best checkpoint from Phase 1 is used as the starting point. The
training consists of 50 epochs with a learning rate of 10 2. Additionally, mosaic
and copy-paste augmentation are applied to address the class imbalance in the

training dataset, as described in Section [4.4.2]
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Figure 13: Training and validation metrics for Phase 1 (head-only, 10 epochs).

As shown in Figure[I4] it is important to mention that there is a sharp increase
in validation classification loss, which rises to nearly 500 in epoch 1 before dropping
to almost zero in the following epochs. This spike is caused by the unfreezing of
the backbone, which temporarily disrupts the stabilized detection head in Phase 1
due to the sudden release of the backbone weights. This effect disappears quickly
and has no lasting impact on the training process, demonstrating that the head
stabilization in Phase 1 was successful. If Phase 1 had been skipped, this gradient
shock would have negatively impacted the entire training process. Across all 50
epochs, the training losses decrease steadily, and mAP@Q.5 rises continuously
to 0.25 without reaching a plateau, suggesting that further training could yield
additional performance gains. The number of epochs was chosen based on the

methodology validation scope rather than model optimization, as discussed in

Section [4.4.2]
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Figure 14: Training and validation metrics for Phase 2 (full fine-tuning, 50 epochs).
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5.1.3 Confusion Matrices

The confusion matrix for Phase 1 shows the model’s classification behavior after
head-only training. In Figure [I5, a dominant pattern appears, also known as
background absorption. Many of the objects present in the images are not detected
and are instead classified as part of the background. This is clear in the case of
drone (182 out of 188 instances missed), person (240 out of 241), and suitcase
(138 out of 138). For these three classes, object size is an also a contributing
factor. The classes with the most correct detections are debris_ scatter with 110
and airplane with 139. However, airplane also generates many false positives.
In 109 cases, the model incorrectly predicts an airplane in frames that contain
only background. This may reflect the model’s tendency to associate the runway
centerline markings with the elongated shape of aircraft during the early training
stage.
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Figure 15: Confusion matrix for Phase 1 evaluated on the test set.

After completing fine-tuning in Phase 2, the results improved significantly
for some classes. As shown in Figure [I6, the number of correct detections for
the class debris_scatter increases from 110 to 172. Meanwhile, the number of
missed instances drops from 70 to eight. Similar improvements are also seen
for airplane and vehicle. However, the background absorption pattern remains
as a dominant error. The classes drone, person, and suitcase are still rarely
detected. Notably, in Phase 2, debris_pile is frequently misclassified as a vehicle

(39 cases). This suggests visual similarity between the two classes on the runway
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surface, potentially due to comparable shapes and color profiles in the simulation

environment. Containers are virtually never detected in either Phase.
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Figure 16: Confusion matrix for Phase 2 evaluated on the test set.

5.2 Estimation Results

Table [f] compares the overall metrics for both Phases on the test dataset. Phase 2
improves the mAP@0.5 from 0.205 to 0.263, representing a relative improvement
of 27.8%. The stricter mAP@0.5:0.95 metric improves from 0.066 to 0.082,
confirming the trend across tighter IoU thresholds. Recall improves from 0.205 to
0.252, while precision drops slightly from 0.574 to 0.561. This change is due to
the fact that the Phase 2 model produces more detections and thus finds more

objects. However, it also produces slightly more false positives.

Table 5: Overall performance comparison between Phase 1 (head-only training)
and Phase 2 (full fine-tuning) on the test dataset.

Metric Phase 1 Phase 2 A
(Head-Only) (Full Fine-Tuning)
mAP@0.5 0.205 0.263 +0.057
mAP@0.5:0.95 0.066 0.082 +0.016
Precision 0.574 0.561 —0.013
Recall 0.205 0.252 +0.047
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Table [6] presents the class-level results for all eight target classes. The re-
sults reveal two clearly distinct performance groups. The first group includes
debris_ scatter, airplane, and vehicle. These three classes benefit most from full
fine-tuning in Phase 2, achieving mAP@0.5 values of 0.954, 0.547, and 0.417. Their
visual appearance is sufficiently distinct, and they also appear frequently in the
training dataset to learn stable features. Secondly, there is a group consisting of a
container, debris_pile, drone, person, and suitcase. Their Phase 2 mAP@0.5 values
range from 0.012 (container) to 0.059 (drone). For container and debris_ pile,
the value even drops slightly compared to Phase 1. Thus, full fine-tuning mostly
improves classes that were already identified in Phase 1. Classes with few training

examples or low visual distinctiveness benefit very little.

Table 6: Per-class mAP@Q.5 comparison between Phase 1 and Phase 2 on the
test dataset.

Phase 1 Phase 2

Class mAP@0.5 mAP@0.5 A
airplane 0.371 0.547 +0.176
container 0.056 0.012 —0.044
debris_ pile 0.101 0.046 —0.055
debris _scatter 0.794 0.954 +0.160
drone 0.052 0.059 +0.007
person 0.044 0.049 +0.005
suitcase 0.011 0.018 +0.007
vehicle 0.214 0.417 +0.203

A contributing factor to the low detection performance of classes such as
suitcase and drone is the small physical size of these objects. At the typical
approach distance of several hundred meters, these objects occupy only two to
three pixels at most in recorded images. In most cases, they cannot even be
detected by a human observer. This is a fundamental optical limitation rather
than a model one. To address this issue, the image resolution would need to be
higher, or a multi-sensor setup involving several cameras placed directly at the
runway would need to be used. This setup would be capable of recording small
objects from a closer distance.

The precision-recall curves for Phase 1 are illustrated in Figure and those
for Phase 2 in Figure [I7b In both Phase 1 and Phase 2, the areas under the
curve are largest for debris_scatter, airplane, and vehicle. All other classes drop
to nearly zero immediately after reaching a low recall value. A comparison of the

two curves clearly shows the improvement from Phase 1 to Phase 2, especially
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for debris_ scatter and vehicle. Both their curves shift significantly toward the

upper-right quadrant.
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Figure 17: Precision-Recall curves for both Phase 1 and Phase 2.

In the context of safety-critical runway monitoring, recall is of particular
importance, as a missed detection poses a greater risk than a false alarm. The
classes drone and suitcase deserve particular attention In Phase 2, both classes
have a precision of 1.0 and a recall of almost zero. This means that when the
model reports a detection, it is reliably correct. However, there are almost no
detections. This is problematic for FOD detection on a runway. In this use
case, an undetected object is more dangerous than a false alarm, which would
only result in a go-around. Therefore, high recall is more critical to safety than
high precision. The model’s conservative behavior is due to the remaining 18
percent of background frames in the dataset. Background frames occur when the
placed object falls outside the camera’s field of view at a given waypoint along the
approach trajectory, or when the object is too small to be visible at large approach
distances. As a result, the model learns to avoid detections when uncertain, which
increases precision but reduces recall.

Overall, the presented results show that applying the full Safety-by-Design
methodology in Phase 2 leads to a measurable improvement in detection perfor-
mance. The structured data management, learning process management, and
model training in accordance with the corresponding EASA objectives provide
a transparent and reproducible foundation. At the same time, the results also
highlight the limitations of the current approach, particularly for rare and visually
ambiguous classes and the high number of background images. These findings

will be discussed in more detail in Section [@l
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6 Discussion

The following chapter discusses the results of this thesis in the context of the
research question, identifies limitations, and outlines the theoretical and practical

contributions of this work.

6.1 Summary

This thesis addresses the following research question: What should a Safety-by-
Design methodology, in line with selected objectives of the EASA Guidance for
Level 1 & 2 Machine Learning Applications, look like to develop a simulation-
based dataset and a prototype AI model for the detection and classification of
safety-critical runway objects (FOD)? The thesis makes two contributions: the
development of the methodology itself and its validation through a specific use
case.

Regarding the methodology, six EASA objectives were selected and translated
into a structured process of concrete development steps. The methodology is
positioned in the lower left quadrant of the W-shaped learning assurance process,
covering the phases of data management, learning process management, and
model training of a structured development process [I]. It closes the gap between
regulatory requirements and their practical implementation.

In a second step, the developed methodology was implemented and validated,
by applying to an FOD detection on a runway use case. This application is divided
into two parts. In terms of data management, a synthetic dataset was generated,
consisting of 13496 annotated frames from 56 simulation runs across eight safety-
critical object classes. The dataset was created using Unreal Engine 5.3 and
ProjectAirSim. During the DQRs verification, two quality issues were identified
and resolved. These included a label ID collision and an elevated background
frame rate. This directly demonstrates the effectiveness of the iterative quality
assurance process from the methodology. In the model development process,
a YOLO11m model was trained on the synthetic dataset following a two-stage
training approach. Starting with a zero-shot mAP@0.5 of 0.0008 with practically
no detection capability, the model reached 0.205 after Phase 1 (head-only training)
and 0.263 after Phase 2 (full fine-tuning), a 27.8 % relative improvement over
Phase 1. Compared to the zero-shot baseline of 0.0008, the final model represents
an improvement of more than two orders of magnitude. Visually distinct classes
achieved significantly higher mAP@Q0.5 values than small or underrepresented
classes. This suggests that detection performance fundamentally depends on object
size and training representation. Some classes regressed in Phase 2, indicating that

overall improvement does not reflect consistent improvement across all classes.
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6.2 Limitations and Future Research

The limitations of this work can be divided into two categories. Those that can be
addressed through future research, and fundamental limitations that come from
the scope of the work or physical constraints.

The exclusive use of synthetic data dominates the first category. As the trained
model has never been validated using real camera footage of a runway, its actual
performance under operational conditions remains unknown. The simulation-
reality gap is a well-known problem in this field of research that arises from the
use case itself, rather than being specifically related to the approach chosen in
this work. It is practically impossible to purposefully collect real runway footage
with placed objects for safety and regulatory reasons [3, ©]. Since collecting
real runway footage remains practically infeasible, future work should address
this gap through domain randomization, like varying lighting, textures, and
environmental conditions across simulation runs, as well as domain adaptation
techniques applied to the trained model |37, 38]. Another limitation that should
be addressed is the training duration. With 10 epochs in Phase 1 and 50 epochs
in Phase 2, the training curves suggest that the model has not fully reached
a plateau yet. While this duration was sufficient to validate the effectiveness
of the methodology, further training could improve the detection performance,
particularly for underrepresented classes. Closely related to this is the ODD
coverage. Even though the conditions are appropriate and well-chosen, the work
focuses on approaches to RWY 23 under cloudy weather conditions and daylight
between 10 a.m. and 2 p.m. Here, there is room for extensions using other runways
at Hamburg airport or even other airport environments. Follow-up work should
also include night operations, rain, or fog to achieve an operationally robust ODD.
The dataset structure itself can be expanded as well. Each frame contains a
maximum of one object and lacks multi-object scenarios. A key advantage of the
simulation-based setup developed for this study is that extensions like these can
be implemented with relatively little effort, as the existing pipeline can be reused
directly. Since this thesis focuses on the development of a methodology and its
implementation, these extensions would be well-suited for future work that focuses
exclusively on the practical applications. Furthermore, this work exclusively uses
the medium variant of YOLO11. Future work should evaluate the full range
of model sizes to identify the optimal trade-off between detection performance
and computational efficiency for deployment on airborne hardware. Additionally,
newer YOLO versions released during the course of this work, such as YOLO26,
should be considered in future studies, as they may offer improved detection

capabilities for small and rare object classes [58|. Lastly, the synthetic dataset
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has not been validated against existing FOD benchmarks, making it difficult to
compare its performance with other systems.

Another important limitation concerns the model’s behavior regarding small
and rare classes. The dataset has a background frame rate of 18 %. As a result
of this high background rate, the model has learned to avoid predictions when
uncertain. This is clear in the classes drone and suitcase. They both have a
precision of 1.0 in Phase 2, but a recall close to zero. The model rarely recognizes
these objects, but when it does make a prediction, it is correct. For a safety-critical
use case, where recall is more important than precision, this conservative behavior
is problematic. This limitation can be addressed by reducing the background
rate and increasing the number of positive training examples for these classes. It
is also worth noting that container and debris_pile regressed from Phase 1 to
Phase 2, suggesting that full fine-tuning did not benefit all classes equally and
that the training process may require class-specific adjustments.

The second category includes limitations that cannot be overcome by collecting
more data or using different training strategies. The six selected EASA objectives
only cover a subset of the objectives and just three phases of the learning assurance
process. For example, other phases like the model verification are deliberately
outside the scope of this work and must be addressed in future research. The
optical resolution of small objects and their size itself represent a fundamental
limitation. At typical approach distances, the classes drone, person, and suitcase
occupy only two to three pixels and are barely visible, even to the human eye. This
limitation is not due to the model, but rather a physical consequence of camera
position and object choice. It can only be overcome by using a multi-sensor setup
with additional cameras installed on the runway. Finally, like all deep neural
networks, YOLO11m offers only limited interpretability. Individual predictions
cannot be directly traced back to rule-based parameters, which is relevant in the
context of EASA requirements for transparency and traceability [I]. Nevertheless,
for vision-based perception tasks of this complexity, deep neural networks still
represent the appropriate tool, as no rule-based alternative offers comparable

detection performance across diverse object classes and viewing conditions.

6.3 Contribution to Theory

This thesis addresses the identified gap between regulatory guidance and practical
implementation by developing a Safety-by-Design methodology that translates six
EASA objectives into concrete development steps.

In previous research, individual aspects of this gap were addressed. For

instance, studies have examined the definition of ODDs [30, [31], the derivation
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of data requirements from operational conditions [33], and the formulation of
overarching engineering frameworks [12],26]. What has been missing is a consistent,
application-oriented methodology that translates these elements into a development
process and validates this process against a concrete, safety-critical use case. The
proposed Safety-by-Design methodology addresses this gap directly. Furthermore,
the 27.8 % improvement from Phase 1 to Phase 2 supports the two-phase training
strategy proposed by Lenhard et al. [59], providing empirical evidence for its
effectiveness in domain-specific fine-tuning scenarios.

A second gap exists at the applicant level. Although there are annotated
datasets for camera-based object detection in aviation contexts [40, [78], none
address the specific combination of runway FOD detection in accordance with
EASA data management. For instance, the LARD dataset focuses on runway
recognition rather than objects on the runway [46]. Existing FOD detection
systems are primarily designed for ground-based camera installations rather than
from the perspective of a landing aircraft [3, [0]. The generated dataset that was
developed in this thesis is the first to combine this specific approach perspective
with an ODD-compliant data management process according to EASA objectives,
including traceability, DQRs verification, and independent run-based partitioning.
The finding that drone and suitcase are undetectable at approach distances
confirms the assessment of Shan et al. that no single sensor type can meet all
operational detection requirements [3].

A third theoretical contribution is the explicit positioning of the methodology
within the W-shaped learning assurance process. By clearly specifying that
the three phases, data management, learning process management, and model
training, are covered and those excluded, the methodology creates a structure
that future work could extend. Future work addressing other phases can build on
the existing methodology without redesigning the upstream process. This makes
the contribution transferable outside the specific FOD detection use case.

A fourth and last contribution is of an empirical nature. During the appli-
cation of the methodology, two data quality problems were found, as discussed
in Section [£.3.3] This gives direct evidence that the iterative quality assurance
methodology is not merely theoretical, but detects real issues that would otherwise
have stayed unnoticed until after training. Additionally, the results confirm the
simulation-reality gap discussed in the related work chapter |36, [38]. The model
achieves strong performance on synthetic test data, but has not been validated
on real runway footage. This highlights that this limitation is not unique to this

study but is a structural issue in the field.
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6.4 Managerial Implications

For development teams, the methodology provides a structured set of tools that
translate abstract EASA objectives into concrete work steps. The ODD-to-Data
Traceability Matrix and the DQRs verification table are not only theoretical
constructs, but also prove effective in detecting data quality issues at an early
stage of the development process. As demonstrated in Section [4.3.3] two problems
that would likely have gone unnoticed until after training were identified and
corrected before any model training began. This demonstrates a direct increase in
efficiency, reducing the risk of labor-intensive corrections later in the development
cycle. The run-based dataset split also provides a reusable approach for keeping
independence between training and test data in simulation-based projects. The
two-stage training procedure, first stabilizing the detection head and then fine-
tuning the full network, can be applied to other transfer learning projects. It can
serve as a reusable template for use cases with limited domain-specific data.
FOD detection addresses a problem with substantial safety and financial im-
plications. If indirect costs such as delays and cancellations are included, it is
estimated that FOD costs the aviation industry up to $22.7 billion annually [7].
Several historical incidents, such as the crash of Air France Flight 4590, demon-
strate that even small objects on the runway can have catastrophic outcomes [4].
Traditional manual runway inspection is labor-intensive and rarely performed [3],
highlighting the urgent need for automated detection. In this context, the results
provide airport operators with a clear and evidence-based understanding of the ca-
pabilities and limitations of Al-based FOD detection from an approaching aircraft.
Distinct and large objects, such as aircraft or vehicles, can be detected with solid
accuracy (mAP@O.5 of 0.547 and 0.417). The class debris scatter has the largest
physical size on the runway, achieving almost a perfect detection performance
(mAP@O.5 of 0.954). Small objects such as drones or suitcases are not reliably
detectable at typical approach distances, because they appear in only two to three
pixels in the frames. This finding confirms the observation of Shan et al. that no
single sensor type can meet all detection requirements [3]. Using only an onboard
camera solution does not replace dedicated ground-based multi-sensor setups.
However, not all airports operate ground-based FOD detection systems due to
the significant infrastructure and maintenance costs involved [3]. In such cases,
an onboard camera system mounted on the approaching aircraft could serve as a
cost-effective complementary layer, providing additional detection coverage during
the critical final approach phase without requiring runway-side infrastructure.
For certification authorities, this work provides a concrete example of what a

development process could look like in the initial phases of the learning assurance
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W-shaped process. Each development step can be tracked back to an EASA ob-
jective and is documented in structured elements. The ODD-to-Data Traceability
Matrix establishes the link between operational conditions and data requirements
(DM-01). The DQRs verification table documents quality checks and corrective
actions (DM-03). The run-based split demonstrates independent data partitioning
(DM-06). The model architecture definition documents the architectural choices
and their justification (LM-01). The hyperparameter table and two-phase training
specification fully describe the learning process before training begins (LM-02).
The training logs provide complete documentation of the training process (LM-05).
This level of traceability reflects the required transparency and reproducibility

from EASA to establish confidence in data-driven systems [1].

6.5 Conclusion

This work started by addressing the question of how a Safety-by-Design methodol-
ogy should look, based on selected EASA objectives, to develop a simulation-based
dataset and an Al model for safety-critical object detection on a runway. The
answer is a structured methodology that translates six of the EASA objectives
into three development phases. This methodology was validated through the
creation of a synthetic dataset and the training of a YOLO11m detection model.
The results show that the regulatory requirements can be put into practice.

At the same time, the work is transparent about its limitations. The method-
ology covers only a subset; the model has been validated exclusively on synthetic
data and does not cover all possible approach scenarios. Expanding the ODD
coverage, validating the model on real approach footage, and addressing the
remaining phases of the W-shaped learning assurance process are logical next
steps towards a certifiable system. The methodology developed in this thesis
provides a solid foundation on which future work can be built.

As in many other domains, the adoption of Al in aviation is increasing rapidly,
with applications expected to grow by approximately 35% per year [I1]. As
machine learning is increasingly applied to safety-critical tasks, developing these
systems safely and making them certifiable becomes as important as advancing
the technology itself. This thesis provides a practical answer to exactly this
challenge by showing how abstract regulatory objectives can be translated into
a structured development process and validated against a real safety-critical use
case. This study makes a concrete and meaningful contribution by providing
a structured, regulation-aligned methodology for developing safe and certifiable
Al-based systems in aviation. This methodology makes such systems not only

theoretically possible but also practically achievable.
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A SELECTED EASA OBJECTIVES

A Selected EASA Objectives

Table 7: Selected objectives of EASA’s Concept Paper that are considered for the

methodology of this thesis [T].

Objective

Description

DM-01

DM-03

DM-06

LM-01
LM-02

LM-05

“The applicant should identify data sources and collect data in accor-
dance with the defined ODD, while ensuring satisfaction of the defined
DQRs, in order to drive the selection of the training, validation and
test data sets.”

“The applicant should define the data preparation operations to prop-
erly address the captured requirements (including DQRs).”

“The applicant should distribute the data into three separate data

sets which meet the specified DQRs in terms of independence (as per

Objective DA-04):

— the training data set and validation data set, used during the model
training;

— the test data set used during the learning process verification, and
the inference model verification.”

“The applicant should describe the ML model architecture.”

“The applicant should capture the requirements pertaining to the

learning management and training processes, including but not limited

to:

— model family and model selection;

— learning algorithm(s) selection;

— explainability capabilities of the selected model;

— activation functions;

— cost/loss function selection describing the link to the performance
metrics;

— model bias and variance metrics and acceptable levels (only in
supervised learning);

— model robustness and stability metrics and acceptable levels;

— training environment (hardware and software) identification;

— model parameters initialization strategy;

— hyper-parameters and parameters identification and setting;

— expected performance with training, validation, and test data sets.”

“The applicant should document the result of the model training.”
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B ODD-to-Data Traceability Matrix

Table 8: ODD-to-Data Traceability Matrix.

(1) (2) (3) @ () (6 M ®
ODD-ID ODD Param- Constraint / Cate- Data- DR-ID Derived Data Requirement SRC-ID Source Type
eter gories rel.
ODD-01 Time of Day Daytime; 10:00-14:00 Yes DR-01 The dataset shall contain image data captured under SRC-01 Internal / Synthetic (Simula-
daytime conditions between 10:00 and 14:00. Metadata tor)
indicating the time of capture shall be available.
ODD-02 Weather Con- Cloudy weather; full Yes DR-02 All images shall reflect cloudy weather conditions with SRC-01 Internal / Synthetic (Simula-
dition cloud coverage; no rain full cloud coverage and without precipitation. tor)
ODD-03 Airport & Hamburg Airport Yes DR-03  All images shall depict the runway environment of Ham- SRC-01  Internal / Synthetic (Simula-
Runway (EDDH); single defined burg Airport on the defined approach configuration. tor)
approach configuration
ODD-04 Ownship Tra- Start: 800 m before Yes DR-04 The dataset shall cover the full approach trajectory SRC-01, Internal / Synthetic (Simula-
jectory threshold, 138 m (453 ft) across the defined altitude and distance range. Trajec- SRC-02  tor); Real-world operational
AGL; End: 400 m past tory parameters are derived from real-world operational data (HAM)
threshold, 24 m (79 ft) data.
AGL
ODD-05 Ownship 66ms—1 (128kn) No — The ownship speed does not influence the visual content — —
Speed of individual image frames, the labeling, or the model
behavior, as no sequential modeling is performed.
ODD-06 Object Classes Airplane, container, de- Yes DR-~05 The dataset shall contain annotated instances of all 8 SRC-01 Internal / Synthetic (Simula-
bris_scatter, debris_pile, object classes, placed at varying positions on or above tor)
drone, person, suitcase, the runway.
vehicle
ODD-07 Camera Sys- 1920 px x 1080 px, Pitch: Yes DR-06 All generated images shall have a resolution of SRC-01 Internal / Synthetic (Simula-

tem

—15°, FOV: 60°

1920 px x 1080 px. The frame rate of 30s~ 1 shall be

reflected in the temporal sampling of the simulation.

tor)
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C DATA QUALITY REQUIREMENTS

C Data Quality Requirements

Table 9: Data Quality Requirements (DQRs), verification methods, and
evaluation results for the generated dataset.

DQR- DR- Requirement Verification Result
ID ID Method
DQR-01 DR-01 All frames shall represent daytime conditions Verify simulation time v’
between 10:00 and 14:00. parameter
DQR-02 DR-02 All frames shall show cloudy daytime condi- Verify weather setting v’
tions with full cloud coverage and without in simulation config
precipitation.
DQR-03 DR-03 All frames shall depict the Hamburg Airport Verify that a single, v/
RWY 23 environment. fixed scene is used
DQR-04 DR-04 The dataset shall cover the full approach Verify waypoint range v’
trajectory from —800m to +400 m at a step and step size in the
size of 5m (241 waypoints). dataset script
DQR-05 DR-05 The dataset shall contain annotated in- Count annotated v'*
stances of all 8 defined object classes. instances per class
across all  splits;
threshold: > 1 in-
stance per class
DQR-06 DR-05 Class label IDs shall correctly map to the 8 Compare COCO class v'*
target classes without ID collisions. IDs with local sim-
ulation class indices;
threshold: 0 collisions
DQR-07 DR-05 The proportion of background frames Count frames with v*
(frames with no detectable object) shall not empty label files;
exceed 20 %. threshold: < 20%
DQR-08 DR-06 All images shall have a resolution of Verify image dimen- v’

1920 px x 1080 px.

sions
cally

programmati-

* Fulfilled after corrective action; see text for details.
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