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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 flights 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
offer alternatives to current - potentially outdated - procedures. As deep learning models
have become increasingly prolific and far-reaching in their applications, there has been a
growth of interest toward incorporating suitable and affordable 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 fly-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 effective models suitable for application
in aircraft defect detection. Unlike other domains, where training data may be plentiful,
aerospace applications suffer from a dearth of high-quality publicly available labeled data.
This is the case as data collection from in service aircraft can be uniquely difficult 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 suffer 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 workflow 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 first demonstrate the process for
generating new semi-synthetic samples, and then validate the effectiveness 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, offering
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, significantly expanding the scope of the field.

Ground-based defect detection systems consisting of instrumented ground based ve-
hicles have achieved notable success in specific applications [2]. However, their inherent
limitations, such as restricted maneuverability and difficulty accessing hard-to-reach areas
have resulted in a search for a more suitable form factor. The recent emergence of cost-
effective, 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 refining deep-learning model architectures to enhance their detection
capabilities. For instance, Huang et al. [11] introduced ASD-YOLO, a modified 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 significantly 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 classification using UAV-based visual inspections. Their two-step
approach employed pretrained convolutional neural networks (CNNs), fine-tuned with a
custom dataset for defect recognition, followed by defect classification using an ensemble of
classifiers. While existing work underscores significant 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 field 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 efforts are
exemplified 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 efforts 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
flexibility 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 specifically 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.

5



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 offers 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 an S × S grid, where each grid cell predicts
B bounding boxes and corresponding confidence scores. Each bounding box is represented
by four parameters defining the center coordinates, width, and height, normalized to the
grid cell size. Each grid cell also predicts C class probabilities, assuming a single object is
present in the cell. The confidence score reflects 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 final prediction tensor with dimensions S×S× (B ∗ 5+C), where 5
represents the four box coordinates plus one confidence score. This unified 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), confidence prediction
(objectness), and classification 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 confidence prediction, no-object confi-
dence prediction, and classification. The total loss is expressed as:

L = λcoordLcoord + Lobj + λnoobjLnoobj + Lcls,

where Lcoord, Lobj, Lnoobj, and Lcls correspond to losses for bounding box regression, ob-
ject confidence, no-object confidence, and classification, respectively. The hyperparameters
λcoord, λobj and λnoobj balance the contributions of these terms.

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

Lcoord =
S2∑
i=1

B∑
j=1

1obj
ij

[
(xi − x̂i)

2 + (yi − ŷi)
2 + (wi −

√
ŵi)

2 + (hi −
√
ĥi)

2

]
,

where S2 is the number of grid cells, B is the number of bounding boxes per cell, and
1obj
ij an indicator function which indicates whether the j-th box in cell i contains an object

in order to ensure loss is only tabulated over relevant grid cells.

Objectness and No-object Confidence Losses The object confidence loss evaluates
the correctness of object presence predictions:

Lobj =
S2∑
i=1

B∑
j=1

1obj
ij (Ci − Ĉi)

2,

while the no-object confidence loss penalizes false positives:

Lnoobj =
S2∑
i=1

B∑
j=1

1noobj
ij (Ci − Ĉi)

2.

Here, Ci and Ĉi represent the ground truth and predicted confidence scores, and 1noobj
ij

indicates cells without objects.
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Classification Loss The classification loss assesses the accuracy of class probability
predictions for cells containing objects:

Lcls =
S2∑
i=1

1obj
i

∑
c∈C

(pi(c)− p̂i(c))
2,

where C is the set of classes as defined in Figure 3.1, and pi(c) and p̂i(c) are the ground
truth and predicted probabilities for class c 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 =
|P ∩G|
|P ∪G|

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 quantifies the accuracy of positive predictions by measuring the
proportion of true positive detections among all predicted detections. It is defined as:

Precision =
True Positives

True Positives + False Positives

A true positive occurs when a predicted bounding box correctly identifies the object class
and has an Intersection over Union (IoU) with a ground truth box exceeding a specified
threshold. False positives arise from incorrect class predictions or insufficient 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 defined 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 identifies most objects, even if it produces
some false positives. In practice, recall is often evaluated at different confidence thresholds
to generate the precision-recall curve.

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

AP =

∫ 1

0

p(r) dr

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

mAP50 =
1

|C|
∑
c∈C

AP50
c

Here, C is the set of all classes, and AP50
c denotes the AP for class c 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

∑
t∈{0.5,0.55,...,0.95}

mAPt

where mAPt represents the mean Average Precision at a specific IoU threshold t. 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 insufficient
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 workflow demonstrated varying effectiveness in forming realistic repre-
sentations across different 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 effect 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 effect the already reliable performance on Class 3.

The final 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 workflow 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. Specifically, the workflow 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 offers a
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unique advantage. Through careful curation, human operators can effectively 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 sufficiently 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 workflow 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 fidelity 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 effectively augmented
by varying defect scales, orientations and background context. Extending beyond con-
ventional data augmentation, this semi-synthetic data generation workflow 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 fixed 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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ing photographed within the development environment. This process is expedited using a
modified camera actor asset in Unreal Engine (See Figure 3.4).

Figure 3.4: Camera actor positioned within the development environment, and what it
sees.

A feature of this modified camera asset is that it is capable of automatically identifying
the inserted defects based upon a user specified tag. This enables rapid creation of training
samples, ensuring the correct bounding box with pixel precision, while generating both an
image (.png) and label (.txt) file for export. By leveraging the ability to spatially navigate
the environment within which the assets are contained, the user is able to capture many
of the real phenomena that conventional data augmentation techniques attempt to mimic.
The user is able to vary camera angles, zoom, rotation, lighting conditions, and background
materials to create as many distinct training samples as necessary (Figure 3.5)

Figure 3.5: Example semi-synthetic samples.

This inherent modeling flexibility enables the creation of a dataset which is potentially
much more thorough, encompassing broader distribution of potential defects otherwise
unable be achieved through standard data augmentation techniques alone.
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3.2 Model Design and Implementation

To evaluate the applicability of the proposed method and the synthetically augmented
dataset, we employed a YOLOv5 architecture, a derivative model of the original YOLO
single-stage detector. The YOLOv5 architecture utilizes a CSPDarknet53 backbone for
feature extraction, with a Path Aggregation Network (PANet) for feature fusion across
multiple scales. The model was implemented using the official YOLOv5 repository and
tuned to address our four-class aircraft defect detection problem.

3.2.1 Strong Data Augmentation

The YOLO model family was selected because of its prevalence as a staple in defect de-
tection literature, but also in large part because of its robust offerings in terms of built in
data augmentation techniques. Augmentations serve a critical function in ensuring mod-
els learn robust and generalizable representations of the classes present in the training
data. To evaluate our proposed augmentation technique, a series of strong augmentations
is necessary to establish a performance baseline and ensure that observed gains are not
attributed to learning simple invariances that could otherwise be achieved by augmenting
the existing data. The applied augmentations include:

Mosaic Augmentation: Applied with a 100% probability, mosaic augmentation is one
of the staple augmentations in the YOLO family of models. Mosaic works by randomly
combining four images to form a composite training sample. A random crop sized for a
standard input is taken from this composite to form a unique training sample, enhancing
the model’s ability to detect objects in diverse scenes. An example of one such sample is
shown in Figure 3.6.

Random Horizontal Flipping: Images were flipped horizontally with a 50% probabil-
ity to help the model learn invariances along the horizontal axis. This simple augmentation
prevents the model from overfitting to object orientations ensuring robustness to reflection.

HSV Adjustments: Colors were transformed in HSV (Hue-Saturation-Value) color
space, where hue represents the color type, saturation the color intensity, and value the
brightness level. Specifically, hue was varied by ±1.5%, saturation by ±70%, and bright-
ness by ±40%. These adjustments enable the model to generalize across a broad spectrum
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Figure 3.6: Example of Mosaic Augmented Training Sample.

of color and lighting variations, making it less sensitive to environmental conditions during
inference.

Translation and Scaling: Random translations of ±10% were applied to simulate po-
sitional shifts, while scaling factors between 90% and 110% were used to mimic size varia-
tions. These transformations expose the model to changes in object positioning and scale,
ensuring it learns spatially robust features.

Mixup Augmentation: Combines two images with a 10% probability by overlapping
them to create a blended training sample. This augmentation introduces additional com-
plexity by creating scenarios where features from multiple classes are present in the same
image, forcing the model to learn to distinguish objects in challenging conditions.

Overall, this comprehensive augmentation strategy ensures the model is trained on
a diverse and challenging dataset, promoting better generalization to unseen data and
establishing a strong baseline for performance evaluation.
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3.2.2 Model Configuration

To establish an optimal baseline model while adhering to computational constraints, hy-
perparameters were tuned on the baseline data. All experiments were executed on a single
NVIDIA RTX 3070 GPU equipped with 8GB of VRAM under CUDA 12.4. The YOLOv5m
architecture, selected as the foundation, operates at 47.9 GFLOPs during inference process-
ing. Training utilized SGD optimization, implementing a 0.01 initial learning rate coupled
with 0.937 momentum, while overfitting was mitigated through a weight decay factor of
0.0005.

Initial Learning Rate Batch Size

0.001 4
0.01 8
0.1 10

Table 3.1: Experimented learning rates and batch sizes. Note: bold indicates optimal
result.

The architectural design incorporates the established YOLO backbone framework,
where input traverses through a series of convolutional layers integrated with feature pyra-
mid networks. The model’s detection mechanism was specifically adapted for 4-class classi-
fication, implementing a tri-scale detection system with variable anchor box configurations.
The architecture combines conventional convolution operations with C3 bottleneck blocks
and SPPF modules, systematically processing 640×640 pixel inputs through progressively
deeper feature maps, scaling from 48 to 768 channels.

Model evaluation occurred through periodic assessment on an isolated test dataset,
ensuring unbiased performance metrics throughout training. To maintain experimental
integrity, both the baseline and synthetic-augmented variants were initialized with identi-
cal hyperparameter configurations, thereby ensuring that performance variations could be
directly attributed to the incorporation of semi-synthetic training data.

3.3 Experimental Setup

The first step in our study involved establishing a robust performance baseline. For this,
we conducted extensive training of models using the standard dataset exclusively. To
determine the number of epochs necessary to train each baseline model to a performance
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plateau, we performed exploratory training runs, closely monitoring the validation loss and
mean average precision (mAP) metrics across epochs. The point of convergence was defined
as the epoch at which mAP50 exhibited no further improvement over 5 epochs. For the
baseline model, this plateau was established at 60 Epochs. This iterative process ensured
that all baseline models were trained optimally while avoiding unnecessary overfitting while
remaining cognizant of computing constraints.

To assess the relative performance of models trained using the augmented dataset, we
performed a two stage validation:

• Full Dataset Augmentation (100%): In the first phase, the standard dataset was
augmented with the complete semi-synthetic dataset. This resulted in a training set
consisting of 469 images (344 base, 125 semi-synthetic). This was done to explore
whether increasing the volume of semi-synthetic samples provides additional benefit
in terms of convergence speed and model performance.

• Fractional Dataset Augmentation (50%): In the second phase, the standard
dataset was augmented with a randomly selected 50% partition of the available semi-
synthetic data amounting to 406 images (344 base, 62 semi-synthetic). This was
done to assess the effects of reducing the number of semi-synthetic samples on model
performance.

In total, 30 uniquely seeded and distinct models were trained: 10 to establish a robust
baseline, 10 with complete access to both the baseline and available semi-synthetic data,
and 10 with both the baseline data and 50% of the full semi-synthetic dataset.

To quantify the impact of semi-synthetic data on convergence rates, we measured the
number of epochs and total number of samples were processed for each model to reach
optimal performance. These metrics were averaged across the 10 models in each configu-
ration, with 95% confidence intervals computed to assess variability. In depth comparisons
of key performance metrics (precision, recall, mAP50, and mAP50:95) were conducted
across model configurations to confirm the significance of observed phenomena (See Tables
4.3,4.4).

By training multiple models with unique random seeds and analyzing both aggregate
metrics and statistical variability, we investigated how semi-synthetic data volume im-
pacted trends in learning dynamics, convergence rates, and final performance outcomes.
Through comparing different semi-synthetic data volumes, we observed that metrics im-
proved at a similar rate using just 50% of the available semi-synthetic data, suggesting
that relatively few semi-synthetic samples are needed to achieve improved convergence
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Chapter 4

Results

4.1 Complete Semi-Synthetic Dataset

Initial experiments using the full enhanced dataset indicated the presence of interesting
learning dynamics in the enhanced model. Figures 4.1 and 4.2 demonstrate that while
ultimately achieving comparable final performance to the baseline model, models trained
with full access to semi-synthetic data required fewer epochs to converge. This observa-
tion in improved convergence speed prompted further investigation into whether similar
convergence results could be achieved with a reduced fraction of the synthetic dataset. To
explore this, we opted to train a series of models using approximately 50% of the available
semi-synthetic data.

4.2 Data Efficiency

After observing accelerated convergence dynamics with the full semi-synthetic dataset, we
investigated whether similar benefits could be achieved with fewer synthetic samples. By
training models with approximately 50% of the available semi-synthetic data (62 images)
we found that improved convergence dynamics persisted without degradation. As shown
in Figures 4.3 and 4.4, both models take a similar amount of time to match the optimal
performance of the baseline model.
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Figure 4.1: Validation mAP50 for both the Baseline and Enhanced Dataset, demonstrating
accelerated learning dynamics for the enhanced model.

Figure 4.2: Validation mAP50:95 for both the Baseline and Enhanced Dataset, further
demonstrating accelerated learning dynamics associated with the enhanced model.
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Figure 4.3: Validation mAP50 for both the Fractional and Fully Enhanced Dataset, demon-
strating comparable learning dynamics with reduced data.

Figure 4.4: Validation mAP50:95 for both the Fractional and Fully Enhanced Dataset,
demonstrating comparable learning dynamics with reduced data.
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4.2.1 Convergence Rate

To assess the convergence rate of our fractional enhanced models, we established a bench-
mark based on the optimal performance of each individual model in the sample group.
For this purpose we define convergence as the point at which the model achieves its best
mAP50 result. By calculating the mean number of epochs required to reach this threshold,
we can compare the rate at which respective model approaches its optima. Our conver-
gence assessment, shown in Table 4.1 reinforces what is observed in our validation curves,
with our enhanced model converging more rapidly than the base model by 24.1% measured
in epochs, and 10.4% in terms of total number of images processed.

Base Model Enhanced Model Difference (%)

Epochs to Optima 53.9± 2.69 40.9± 3.31 −24.1%

Total Samples Processed 74168 66408 −10.5%

Table 4.1: Convergence analysis of models showing epochs and samples required to reach
optimal performance

The stark difference in convergence speeds indicates some interesting properties of our
semi-synthetic data. In the presence of semi-synthetic samples, our models need to see the
true data 24.1% less to learn a comparable representation. Even if we take all images as
being equal, in terms of the total number of data observed our enhanced models still need
nearly 8000 fewer images on average to match or exceed the performance of baseline models.
This enhanced rate of convergence can be further visualized by comparing the validation
metrics of both the standard and fractionally enhanced models in terms of their mAP50
and mAP50:95 respectively. Figures 4.5 and 4.6 both demonstrate the same accelerated
rate of convergence observed in the fully enhanced model.

21



Figure 4.5: mAP50 convergence for both the enhanced and base model.

Figure 4.6: mAP50:95 convergence for both the enhanced and base model.
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4.2.2 Learning Dynamics

Analysis of the validation metrics revealed interesting patterns in how synthetic data influ-
enced different aspects of model learning. Most notably, the models trained on synthetic
samples converged more quickly to their optima, indicating that the presence of synthetic
samples improved the rate at which models were able to learn accurate representations of
the included classes.

The objectness loss, responsible for measuring the model’s ability to distinguish ob-
jects from background, and the box loss, evaluating localization precision, both remained
consistent between the base and enhanced models. This absence of change indicates that
our observed improvements were not a result of performance changes in these categories.
This consistency suggests that synthetic data neither improved nor impaired the model’s
fundamental ability to locate defects and separate them from their surroundings.

Interestingly, the classification loss showed a notable difference between the models.
The enhanced model demonstrated overall a marginally lower classification loss, indicating
an improved ability to discriminate between classes present in the dataset. This improve-
ment is particularly interesting given the way that our dataset was constructed. Although
our semi-synthetic samples used the same defect instances as the original dataset, merely
placing them in different contexts, this contextual variety appears to have enhanced the
model’s learning. While the semi-synthetic samples may not have captured novel character-
istics defects outside the distribution present in the training set, the variety of contextually
relevant backgrounds and mixing of defects appears to have helped the model develop more
robust class representations. To illustrate these findings, Figures 4.7 4.8 & 4.9 present the
mean values for each metric across each of the 10 models trained on the fractionally en-
hanced and the baseline dataset, accompanied by their 95% confidence intervals.
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Figure 4.7: Mean bounding box regression loss measured across across base and fractional
datasets.

Figure 4.8: Mean objectness loss measured across across base and fractional datasets.
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Figure 4.9: Mean classification loss measured across base and fractional datasets.

4.3 Comprehensive Results

4.3.1 Early Stage Performance Advantage

Since the enhanced model was trained on a larger dataset (as it included semi-synthetic
data) comparing models based on the number of epochs alone would not provide an ideal
assessment of performance on a value per sample basis. Instead, to evaluate the impact of
incorporating semi-synthetic data, we controlled for the total number of training samples
seen by each model. We trained ten base models using the same number of total training
samples as the enhanced model at its optimal performance level. These early stage perfor-
mance results (shown in Table 4.2) indicate that the inclusion of our semi-synthetic data
may present a more readily learnable feature space for our problem.

4.3.2 Optimal Performance Comparison

At optimal performance (Table 4.3) the enhanced model achieved 79.10% precision (+3.2
percentage points). The mAP50 showed a small improvement of 0.4 percentage points in
favor of the enhanced model (79.5% vs 79.1%), and both Recall and mAP50:95 were higher
for the base model (72.7% vs 70.5% & 47.0% vs 46.6% respectively).
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Metric Base Model Enhanced Model Diff

P 70.39 ± 3.89 79.10 ± 4.80 +8.71
R 67.51 ± 7.42 70.50 ± 7.40 +2.99
mAP50 73.90 ± 4.32 79.50 ± 2.40 +5.60
mAP50 : 95 41.64 ± 3.08 46.60 ± 1.20 +4.96

Table 4.2: Overall performance comparison with early stopping. Note: bold indicates
optimal results.

Metric Base Model Enhanced Model

mAP50 79.1 ± 1.7 79.5 ± 2.4 (+0.4)
mAP50:95 47.0 ± 1.9 46.6 ± 1.2 (-0.4)

Table 4.3: Overall performance comparison at optima.

Class-specific analysis (Table 4.4) revealed varied performance across defect types. For
paint peel defects, the enhanced model achieved higher precision (81.4% vs 74.3%, +7.1
percentage points) and mAP50 (77.1% vs 75.1%, +2.0 percentage points). Similarly, for
rust defects, the enhanced model showed improved recall (81.4% vs 75.4%, +6.0 percentage
points) and mAP50 (86.5% vs 83.1%, +3.4 percentage points). For the remaining defect
categories, scratch and rivet damage, the baseline model achieved higher performance
across most metrics.
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Category Metric Base Model Enhanced Model

Scratch

P 63.3 61.9 (-1.4)
R 56.9 49.3 (-7.6)
mAP50 62.2 59.9 (-2.3)
mAP50:95 32.9 31.4 (-1.5)

Paint Peel

P 74.3 81.4 (+7.1)
R 64.5 62.5 (-2.0)
mAP50 75.1 77.1 (+2.0)
mAP50:95 49.5 50.6 (+1.1)

Rust

P 81.6 81.5 (-0.1)
R 75.4 81.4 (+6.0)
mAP50 83.1 86.5 (+3.4)
mAP50:95 40.6 41.1 (+0.5)

Rivet Damage

P 84.2 91.8 (+7.6)
R 93.9 88.8 (-5.1)
mAP50 96.1 94.6 (-1.5)
mAP50:95 65.0 63.2 (-1.8)

Table 4.4: Performance comparison of base and enhanced models by defect type.
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Chapter 5

Discussion

Analysis of the enhanced and baseline models provided significant insight into how semi-
synthetic data of this nature impacts training dynamics. Interestingly, the enhanced
model shows significantly improved early-stage performance, with improvements in preci-
sion (+8.71 percentage points), mAP50 (+5.60 percentage points) and mAP50:95 (+4.96
percentage points) when models are compared after having processed the same number of
training samples.

Both models ultimately achieve similar performance in aggregate, though the model
trained on semi-synthetic data required fewer training iterations to do so. Performance in
the enhanced models varied across defect types. The enhanced model performed partic-
ularly well with paint peel detection (precision +7.1 percentage points) and rust identi-
fication (recall +6.0 percentage points), while showing slightly decreased performance in
scratch detection across all metrics. Notably, the enhanced models demonstrated substan-
tially increased precision for rivet damage defects, suggesting that contextually relevant
semi-synthetic samples of both rust and paint peel defects led to more discriminative learn-
ing. This increased precision came at a small cost to recall, resulting in minor decreases in
mAP50 and mAP50:95 for this class.

The empirical evidence for enhanced learning when given access to semi-synthetic sam-
ples is compelling: models trained with additional samples just 18% of the original dataset
size were able to achieve performance equivalent to our benchmark whilst requiring 24.1%
fewer epochs and 10.5% fewer total samples. This accelerated convergence suggests that
our semi-synthetic approach may create a more structured and navigable feature space
compared to traditional strong augmentation techniques alone.

Class specific performance dynamics indicate that classes able to be effectively repre-
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sented in the semi-synthetic dataset reaped the most significant gains, further supporting
our enhanced learnability hypothesis. Substantial early gains in precision specifically sug-
gest that our contextually relevant augmentation manages to distill essential class features
responsible for making classes more readily distinguishable.
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Chapter 6

Conclusion

Our work demonstrates that integrating contextually appropriate semi-synthetic data into
aircraft defect detection models offers clear benefits, including accelerated learning and
enhanced class-specific detection capabilities while preserving overall performance.

By blending real defect features with high-fidelity 3D assets in Unreal Engine, our hy-
brid dataset uniquely introduced contextually relevant sample variety capable of improving
a broad scope of learning dynamics. By demonstrating both fewer epochs and samples re-
quired to reach optimal performance, we give insight into how our unique augmentation
strategy not only introduces valuable sample variety improving class-specific performance,
but also creates a more learnable class representation capable of facilitating faster and
more efficient model optimization.

Looking ahead, there remain several opportunities for further refinement. Provided
a larger base dataset, automating defect extraction through segmentation models with a
human in the loop could reduce the upfront cost of manual preprocessing and improve
both scalability and the ability to rapidly prototype. Exploring further techniques in the
domain of 3D modeling to specifically address challenging defect types (e.g. scratches)
may further boost model performance.

Our results demonstrate promising potential for leveraging semi-synthetic data for air-
craft defect detection. Though this work represents just an initial step toward addressing
the broader challenges of data scarcity in safety-critical domains, the observed improve-
ments in both training efficiency and class-specific performance suggest potential directions
for future research employing hybrid assets in data scarce domains
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