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Abstract

Aircraft visual inspections, while critical for flight safety, remain vulnerable to both hu-
man error and subjective interpretation. The scarcity of high-quality labeled data has
historically proven to be a hindrance to the development of robust computer vision mod-
els capable of performing defect-detection in aerospace applications. This work explores
a novel ”semi-synthetic” data generation framework combining user-selected real aircraft
defects with high-fidelity 3D vehicle models in Unreal Engine. We investigate the potential
benefits of incorporating this semi-synthetic data into the training pipeline of a YOLOv5
model, comparing its performance against a benchmark model trained with strong aug-
mentation. Our analysis reveals an unexpected improvement in training dynamics, with
the enhanced model achieving convergence after processing 10.5% fewer sample iterations
during training. These findings suggest that domain-specific 3D modeling paradigms may
offer promising pathways for improving model training efficiency while maintaining de-
tection performance, with further exploration into synthetic data generation techniques
potentially yielding futher improvement.
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Chapter 1

Introduction

Aircraft visual inspection is one of the cornerstones of the regulatory framework responsible
for ensuring our shared ability to enjoy safe and reliable air travel. Inspection for vehicle
surface defects occurs regularly between commercial 
ights providing a guarantee that
vehicles are properly maintained and safe to travel. Standard visual inspection procedures
employ crews of trained professionals for the purpose of identifying and making record of
any observable structural and material irregularities, certifying vehicles of their readiness
for operation. Unfortunately, even experienced and well-trained maintenance crews are
capable of making errors. Given the nature of these inspections, there is no certainty that
any given assessment is entirely objective, with existing literature highlighting how human
error can negatively impact both inspection quality and reliability [3, 10]. However, recent
technological developments in the realm of robotics and computer vision models stand to
o�er alternatives to current - potentially outdated - procedures. As deep learning models
have become increasingly proli�c and far-reaching in their applications, there has been a
growth of interest toward incorporating suitable and a�ordable machine learning aids as
part of a well-rounded visual inspection toolkit.

A nascent but nonetheless promising practice in aircraft visual inspection is the de-
ployment of appropriately instrumented UAVs (Unpiloted Aerial Vehicles) equipped with
embedded computer vision systems capable of detecting surface defects during a 
y-around.
Ready access to these tools may provide an avenue which could improve the ability of main-
tenance personnel to detect aircraft surface defects when used in concert with established
domain expertise. In many studies, modern computer vision models boast fault detection
accuracy which extends well beyond the capability of even the most well-trained human
eyes [23].
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Figure 1.1: Examples of aircraft fuselage defects.

Unfortunately, the data hungry nature of contemporary deep learning methods is a
distinct obstacle to building and implementing e�ective models suitable for application
in aircraft defect detection. Unlike other domains, where training data may be plentiful,
aerospace applications su�er from a dearth of high-quality publicly available labeled data.
This is the case as data collection from in service aircraft can be uniquely di�cult and
prohibitively time consuming.

Training data scarcity is by no means an issue which is unique to computer vision in
aerospace. Other vision tasks such as Human Action Recognition often also su�er from
data sparsity due to factors concerning data privacy; especially pertinent when handling
potentially sensitive information. A novel solution to the challenges of data scarcity which
is increasingly gaining traction is the use of 3D rendering environments to generate syn-
thetic data for the purpose of model training. Such synthetic datasets are often used in
combination with real data to create an augmented dataset which ideally better represents
the target distribution [17, 14]. In such instances, digital assets resembling the target
classes are used to generate high-quality rendered scenes from which additional training
data can be extracted. This approach allows users to have complete control over the syn-
thetically generated data, which can be used in combination with a set of ground truth
data to ensure the model is well adjusted for the desired application. Despite successful
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application across diverse domains in computer vision research: from weapon detection in
CCTV footage [9], facial recognition systems [12], and pedestrian detection [8], synthetic
data generation of this kind has yet to be experimented with for aircraft defect detection
[23].

There are potentially many factors contributing to this gap in published work, perhaps
led by the scarcity of high-quality 3D assets possessing representative defects upon which a
model could be trained, and the potentially prohibitive temporal investment that would be
required to create such assets from scratch. This work aims to address some of these chal-
lenges by proposing a novel work
ow for semi-synthetic data generation, combining aspects
of real aircraft defects with pre-existing synthetic assets in a 3D modeling environment,
leading to contextually relevant data augmentation. We �rst demonstrate the process for
generating new semi-synthetic samples, and then validate the e�ectiveness of our synthetic
data by training a series of 30 randomly seeded YOLOv5 object detection models on three
datasets. Datasets include a baseline dataset subject to strong data augmentation, an aug-
mented dataset which employs 125 semi-synthetic images alongside strong augmentation,
and a fractional dataset containing a random subset equating to 50% of the available semi-
synthetic data. In doing so we establish a robust baseline for performance improvement.
Our results indicate that the inclusion of a small fraction well-selected semi-synthetic sam-
ples bolster a representation of the target domain which is more easily learnable, o�ering
a potential avenue for further improvement in current defect-detection frameworks.
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Chapter 2

Background

2.1 Computer Vision in Aircraft Defect Detection

Interest in using technological aids to improve aircraft visual inspection is not new, with
published interest dating as far back as the early 1990's [4, 6]. Recent advances in both
robotics and computer vision have catalyzed renewed interest and substantial research
activity, signi�cantly expanding the scope of the �eld.

Ground-based defect detection systems consisting of instrumented ground based ve-
hicles have achieved notable success in speci�c applications [2]. However, their inherent
limitations, such as restricted maneuverability and di�culty accessing hard-to-reach areas
have resulted in a search for a more suitable form factor. The recent emergence of cost-
e�ective, easy to operate UAVs has overcame many of the challenges faced by previous
ground based systems, leading to them being the default development platform in much
of the contemporary aircraft defect detection literature [23].

While some work, like that done by Liu et al. [16] explicitly focus on the practical
challenges relating to the implementation of UAV systems themselves, much of the exist-
ing work focuses on re�ning deep-learning model architectures to enhance their detection
capabilities. For instance, Huang et al. [11] introduced ASD-YOLO, a modi�ed YOLOv5
model optimized for aircraft surface defect detection. By incorporating a deformable convo-
lutional feature extractor, an attention mechanism, and a contextual enhancement module,
their approach signi�cantly improved the detection of defects of varying scales and shapes,
achieving a substantial increase in mean Average Precision (mAP) over baseline YOLOv5.
Similarly, Zhang et al. [25] proposed a semisupervised framework for fuselage defect de-
tection. Their method leverages dynamic attention and class-aware adaptive pseudolabel
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assignment to enhance small defect detection while reducing the reliance on extensive
manual annotations. Avdelidis et al. [1] further emphasized the importance of automating
defect recognition and classi�cation using UAV-based visual inspections. Their two-step
approach employed pretrained convolutional neural networks (CNNs), �ne-tuned with a
custom dataset for defect recognition, followed by defect classi�cation using an ensemble of
classi�ers. While existing work underscores signi�cant progress in terms of bespoke model
development, the scarcity of high quality labeled training data remains a persistent theme.

2.2 Game Engines for Synthetic Data Generation

The use of 3D game engines for the purpose of synthetic data generation is a �eld which
is still in its early stages of development and understanding. Some of the earliest and
perhaps most ambitious applications of game engines for deep learning precipitated from
industry research and development in pursuit of self driving vehicles. These e�orts are
exempli�ed by early projects like CARLA, an open source development environment forked
from Unreal Engine. Developed by researchers at Intel, CARLA represents one of the
earliest demonstrations of game engines being repurposed to create highly controllable,
physically accurate synthetic environments for deep learning [7]. Martinez-Gonzalez et
al. [19] further expanded the scope of applications for Unreal Engine in deep learning, by
publishing UnrealROX, in which they introduced a virtual reality development environment
on top of Unreal Engine 4, used to develop synthetic data for a variety of robotic vision
applications.

Since gaining recognition, consistent e�orts have been made to take advantage of open
source tools for 3D rendering. Pollok et al. [21] released UnrealGT, a framework demon-
strating novel approaches for generating ground truth datasets for semantic segmentation
tasks utilizing purely synthetic environments . De Souza et al. [5] further demonstrated the

exibility of game development environments for a variety of tasks extending far beyond
the scope of autonomous navigation, focusing instead on generating datasets for human
action recognition.

More recently, an emerging branch of related research has begun exploring the appli-
cation of 3D rendering environments to address data scarcity challenges in infrastructure-
related computer vision tasks. While research exploring the utility of synthetic data of
this nature speci�cally for infrastructure and equipment condition monitoring is sparse,
available studies have demonstrated promising results [18, 20]. These works suggest that
game-engine based approaches may assist in overcoming persistent challenges facing the
construction of reliable infrastructure inspection datasets.
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Notably absent from the small body existing literature is the application of game engine-
based synthetic data generation to the task of aircraft defect detection. Despite the domain
sharing many of the same data collection challenges present in infrastructure monitoring,
it has yet to be meaningfully explored. This gap in the literature, combined with the
demonstrated success of synthetic data in closely related domains, inspired the present
work's investigation into game engine-based solutions for aircraft defect detection tasks.

2.3 YOLO Single Stage Detectors

YOLO are a family of object detection models widely considered to be state of the art for
real time applications. Proposed by Redmon et al. [22], the core idea behind YOLO is to
treat object detection as a single regression problem, rather than a series of problems as
was standard in prior works. The novelty of the YOLO architecture is that it predicts both
bounding boxes and class probabilities directly from the input image during a single forward
pass. Unlike region-based methods, which rely on distinct region proposal networks and
require multiple passes to make a prediction, YOLO o�ers a simple end-to-end approach,
resulting in the ability to make rapid inferences. The speed and accuracy of YOLO models
have made them one of the leading choices for deployment in real-time applications.

In YOLO, input images are divided into anS � S grid, where each grid cell predicts
B bounding boxes and corresponding con�dence scores. Each bounding box is represented
by four parameters de�ning the center coordinates, width, and height, normalized to the
grid cell size. Each grid cell also predictsC class probabilities, assuming a single object is
present in the cell. The con�dence score re
ects both the probability that an object exists
in the box and the accuracy of the box's coordinates.

YOLO models employ a backbone convolutional neural network to extract features
from the input image. These features are then processed through additional convolutional
layers to generate the �nal prediction tensor with dimensionsS � S � (B � 5 + C), where 5
represents the four box coordinates plus one con�dence score. This uni�ed architecture al-
lows the model to learn global contextual information about objects and their relationships
within the image. The training process utilizes a multi-part loss function that balances sev-
eral competing objectives: localization accuracy (box coordinates), con�dence prediction
(objectness), and classi�cation accuracy.
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2.3.1 Composite Loss Function

The YOLO object detection framework employs a multi-task loss function that integrates
four objectives: bounding box regression, object con�dence prediction, no-object con�-
dence prediction, and classi�cation. The total loss is expressed as:

L = � coordL coord + L obj + � noobj L noobj + L cls;

whereL coord, L obj , L noobj , and L cls correspond to losses for bounding box regression, ob-
ject con�dence, no-object con�dence, and classi�cation, respectively. The hyperparameters
� coord, � obj and � noobj balance the contributions of these terms.

Bounding Box Regression Loss The coordinate loss penalizes errors in bounding box
center, width, and height predictions:

L coord =
S2X

i =1

BX

j =1

1obj
ij

�
(x i � x̂ i )2 + ( yi � ŷi )2 + ( wi �

p
ŵi )2 + ( hi �

q
ĥi )2

�
;

whereS2 is the number of grid cells,B is the number of bounding boxes per cell, and
1obj

ij an indicator function which indicates whether thej -th box in cell i contains an object
in order to ensure loss is only tabulated over relevant grid cells.

Objectness and No-object Con�dence Losses The object con�dence loss evaluates
the correctness of object presence predictions:

L obj =
S2X

i =1

BX

j =1

1obj
ij (Ci � Ĉi )2;

while the no-object con�dence loss penalizes false positives:

L noobj =
S2X

i =1

BX

j =1

1noobj
ij (Ci � Ĉi )2:

Here,Ci and Ĉi represent the ground truth and predicted con�dence scores, and1noobj
ij

indicates cells without objects.
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Classi�cation Loss The classi�cation loss assesses the accuracy of class probability
predictions for cells containing objects:

L cls =
S2X

i =1

1obj
i

X

c2 C

(pi (c) � p̂i (c))2;

whereC is the set of classes as de�ned in Figure 3.1, andpi (c) and p̂i (c) are the ground
truth and predicted probabilities for classc in cell i .

2.3.2 Performance Metrics

YOLO models make use of an array of robust metrics to properly capture model perfor-
mance. In our work we focus on several primary metrics: Intersection over union, precision,
recall, mAP50, and mAP50:95.

Intersection over union Intersection over union (IoU) is a measure of how well a model
localizes target classes within an image. For a given prediction, the IoU is equal to:

IoU =
jP \ Gj
jP [ Gj

where P is the set of pixels in the predicted region and G is the set of pixels in the ground
truth region. IoU ranges from 0 to 1, with 1 indicating perfect localization and 0 indicating
no overlap at all. For object detection, a prediction is typically considered correct if its IoU
exceeds a predetermined threshold. For example, IoU@50 would only consider predictions
above a threshold of 50% overlap.

Precision Precision quanti�es the accuracy of positive predictions by measuring the
proportion of true positive detections among all predicted detections. It is de�ned as:

Precision =
True Positives

True Positives + False Positives

A true positive occurs when a predicted bounding box correctly identi�es the object class
and has an Intersection over Union (IoU) with a ground truth box exceeding a speci�ed
threshold. False positives arise from incorrect class predictions or insu�cient IoU overlap
with ground truth boxes.
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Recall Recall measures the ability of the model to detect all relevant objects in an image.
It is de�ned as:

Recall =
True Positives

True Positives + False Negatives

A false negative occurs when a ground truth object is missed or not detected by the model.
High recall indicates that the model successfully identi�es most objects, even if it produces
some false positives. In practice, recall is often evaluated at di�erent con�dence thresholds
to generate the precision-recall curve.

Mean Average Precision (mAP50) The mAP50 metric represents the mean Average
Precision (AP) calculated at a �xed IoU threshold of 0.5. For each class, AP is determined
as the area under the precision-recall curve:

AP =
Z 1

0
p(r ) dr

wherep(r ) is the precision at a given recall levelr . In practice, this integral is approximated
by summing discrete points along the curve. The mAP50 is computed as:

mAP50 =
1

jCj

X

c2 C

AP50
c

Here, C is the set of all classes, and AP50
c denotes the AP for classc at an IoU threshold

of 0.5.

mAP50:95 The mAP50:95 metric extends mAP by averaging the AP across multiple
IoU thresholds, ranging from 0.5 to 0.95 in increments of 0.05. This metric provides
a comprehensive assessment of detection quality, as it evaluates performance at varying
levels of localization precision:

mAP50:95 =
1
10

X

t2f 0:5;0:55;:::;0:95g

mAPt

where mAPt represents the mean Average Precision at a speci�c IoU thresholdt. By en-
compassing a broader range of thresholds, mAP50:95 rewards models capable of generating
precise bounding boxes, even under more stringent conditions.

Collectively, these metrics provide an in depth evaluation of object detection perfor-
mance.
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Chapter 3

Methodology

3.1 Data

A defect dataset collated by Zhang et al. [24] was selected due to its relatively small
size and high quality image content. The selected dataset contains a total of only 389
labeled images. Without augmentation of any kind, the selected dataset is insu�cient
for the prescribed task. Of the 389 available labeled images, 45 were randomly selected
and set aside for testing, leaving a total of 344 labeled images for model training, roughly
equivalent to a 90:10 train test split. The subject dataset contains four classes of common
fuselage defects shown in Figure 3.1.

Figure 3.1: Example defects: Scratch, Paint-peel, Rust, and Rivet Damage. (left to right)

Our proposed work
ow demonstrated varying e�ectiveness in forming realistic repre-
sentations across di�erent defect classes. Notably, we encountered limitations with Class
0 (Scratch) defects, where the creation of realistic samples proved challenging as defects
were often only a few pixels across. Early attempts to model Class 0 yielded unstable and
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unreliable performance indicating an inability for them to be represented meaningfully. As
such they were disregarded for the purpose of this study, so that the e�ect of (easily) mod-
eled defects could be studied in isolation. Interestingly, Class 3 defects demonstrated the
highest performance in the absence of any augmentation. As such, it was decided that they
be held out from the semi-synthetic dataset to study whether improved representations of
Class 1 and 2 defects would e�ect the already reliable performance on Class 3.

The �nal semi-synthetic dataset contains 125 semi-synthetic images, consisting of both
Class 1 and Class 2 defects in blended contexts. In total, the augmented dataset is ap-
proximately 36% larger than the baseline if all semi-synthetic images are included. A
comparison of the frequency of each defect type in both the original and the augmented
dataset can be seen in Figure 3.2.

(a) Base Dataset (b) Augmented Dataset

Figure 3.2: Occurrences of defects broken down by class.

3.1.1 Data Generation

In this work we propose a novel form of semi-synthetic data augmentation tailored for air-
craft defect detection tasks. By implementing a data generation work
ow which leverages
3D assets in Unreal Engine coupled with existing defect features extracted from the parent
dataset, we observe a more rapid improvement in performance in defect detection when
compared to our baseline model. Speci�cally, the work
ow enhances the speed at which
surface defects such as rust, chipped paint, and rivet damage are able to be learned.

The process of data generation begins with sample preprocessing, where defects are
selected from a limited training set based on image quality and defect type. While
this human-in-the-loop defect selection process inevitably introduces bias to the train-
ing data|a common challenge in all 3D models with human creators|it also o�ers a
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unique advantage. Through careful curation, human operators can e�ectively guide the
model toward a better understanding of the target domain. This ability to impart semantic
understanding through intentional sample creation, while likely infeasible for tasks with
abundant training data, has been repeatedly demonstrated in Unreal Engine-based semi-
synthetic modeling frameworks when working with su�ciently small datasets [5, 20, 21].

A second order consequence of the limited number of training samples in our dataset is
that it precludes the possibility of training a segmentation algorithm for feature extraction.
Thus defect features are manually segmented using open source photo editing software so
that background context is removed. After defect preprocessing is complete, they can then
be used to create augmented data in a work
ow which they are combined with existing high
quality 3D airplane assets available for use through the Unreal Engine (UE) marketplace.

The extracted defect features in .jpg format are ported to the Unreal Engine as 2D
sprite objects, allowing them to be manipulated in the 3D environment, and subjecting
them to the same lighting and environmental conditions as other objects in the scene. Once
imported they can be used to texture existing 3D airplane assets (Figure 3.3), giving the
illusion of material degradation.

Figure 3.3: Example of high �delity aircraft asset available in Unreal Engine.

Model texturing is done in a manner providing a wide range of patterns and combi-
nations of realistic looking contextually relevant defects. Data is e�ectively augmented
by varying defect scales, orientations and background context. Extending beyond con-
ventional data augmentation, this semi-synthetic data generation work
ow allows for the
creation of unique training samples which could not otherwise be created as a result of
applying any combination of conventional augmentations. This includes but is not limited
to: scaling defects relative to their environment, increasing their number within a frame,
or manipulating their orientation within a �xed background context. Once textured, the
augmented vehicle assets are used to generate novel image data for training. This process
mimics the way that data collection would occur in a real setting, with the defects be-
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