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ABSTRACT

Geometrical quality assurance is critical for improving manufacturing time and cost.
This is more inhibiting when human operators’ visual or haptic assessment is nec-
essary. Modern machine learning (ML) methods can solve this problem but require
large datasets with diverse deformations. However, preparing those deformations
using physical objects can be difficult and costly. This thesis uses Blender, an open-
source simulation tool, to imitate object deformities and automate the preparation of
synthetic datasets. The utility of these datasets is improved using two methods; data
augmentation such as background randomization and domain adaptation networks.
The background randomization approach provides a way to generalize the image dis-
tribution to various environments, whereas the domain-adapted approach provides
a better-targeted distribution. This thesis showcases that synthetic data created in
Blender can be effective for training deformation classification networks. The discrep-
ancies between real and simulated environments can be mitigated to create models

for sim-to-real deformation detection.
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Chapter 1

Introduction

1.1 Motivation

The ever-growing complexity of machine learning models has created a need for vast
quantities of high-quality data for training and evaluation. Acquiring, annotating,
and managing real-world data is often prohibitively expensive and time-consuming.

Synthetic data generation emerges as a promising solution. This technique in-
volves creating artificial data that closely mimics the characteristics of real-world
data. By leveraging algorithms and statistical models, synthetic data generation can
produce large, diverse datasets tailored to specific needs. In certain scenarios, syn-
thetic data can even replace real-world data altogether, significantly reducing the
time and resources required for model development.

However, directly using synthetic data for training models often leads to perfor-
mance limitations. Synthetic data, while carefully crafted, may not fully capture the
intricate complexities and subtle nuances that exist in the real world. This can lead
to models that perform well on synthetic data but struggle to generalize effectively
to real-world situations.

Bridging this gap between synthetic and real-world data is crucial to unlocking
the full potential of synthetic data generation. This thesis contributes to this effort by
exploring the application of domain generalization and adaptation techniques. These
techniques aim to train models that can learn from synthetic data while simultane-
ously being able to adapt and perform well on unseen real-world data, even when
the real-world data exhibits variations or deviations not explicitly captured in the

synthetic data.



This thesis delves into the development of a comprehensive data generation pipeline
specifically designed for classifying deformations in real-world objects. This pipeline
utilizes Blender, a powerful 3D creation suite, to generate synthetic datasets con-
taining diverse variations of object deformations. By leveraging machine learning
techniques within the pipeline, the goal is to achieve accurate classification of defor-
mations in real-world scenarios. This has the potential to revolutionize the efficiency
and accuracy of visual geometrical quality assurance processes in manufacturing en-
vironments.

By addressing the limitations of synthetic data and applying it to a practical
industrial application, this thesis aims to make a significant contribution to synthetic
data utilization and creation, machine learning and industrial quality control through

automated defect detection.

1.2 Contributions

In this thesis, a pipeline for synthetic image dataset generation and sim-to-real defor-
mation detection of objects is developed. The proposed pipeline, illustrated in Figure
1.1, leverages a simulation environment and deep learning for deformation detection.
A pipeline was implemented for synthetic data generation. Following this, there is a
choice based on whether there is real-world data. The data augmentation approach is
used when there is no real-world data and the domain adaptive method is used when
there is real-world data. Both methods improve classification accuracy and usefulness
of the synthetic data. A full implementation of the sim-to-real deformation detection
pipeline was created and analyzed using Coca-Cola pop cans.

Using this pipeline, key contributions are made in the following:

e Synthetic deformation dataset generation using Blender
A software program was written to use features and tools in Blender to generate
synthetic data utilizing the BlendTorch [11] application programming interface
(API). Key components include:

Procedural deformation from created shape keys

Procedural lighting setup using High Dynamic Range Image (HDRI) shaders

Stochastic camera positioning

Image rendering with different backgrounds



Import CAD model to simulator

Y

Model deformations in simulator

Y

Automate deformations using shape Kkey variables

Y

Placing the virtual camera and image generation

Y

Post-processing the images to create a dataset

Y Y

Data Augmentation Domain Adaptation

v

Deformation Classifier Training

Y

Validation & Results

Figure 1.1: Proposed simulation-based deformation inspection pipeline.



e Implementation of deformation detection network and analysis of
data augmentation on sim-to-real deformation detection
A convolutional neural network (CNN) classifier is implemented to identify when
an object is deformed. The effect of noise injection and randomized backgrounds

on performance is analyzed.

e Implementations and analysis of generative adversarial networks (GANs)
on sim-to-real deformation detection
Several generative adversarial networks (GANs) were implemented and eval-
uated for generative performance in the task of converting synthetic data to
mimic real-world data better. This includes detailed experimentation and anal-
ysis with a GAN, cycleGAN [77] and disentangling respresentation adaptation
network (DRANet) [36].

1.3 Thesis Outline

Chapter 2 is a comprehensive literature review and provides a background on defor-
mation detection in manufacturing, deformation detection methods, synthetic data
generation, data augmentation, domain adaptation and generative adversarial net-
works (GANs). This chapter provides important background information relevant to

key ideas present in each chapter.

Chapter 3 describes a new method for synthetic deformed object data generation
using Blender. This chapter includes the simulation environment, creating deforma-
tions, shading and lighting, rendering, post-processing and showcases the generated

datasets.

Chapter 4 uses the datasets generated in chapter 3 to train and generalize neural
networks to classify objects as deformed or non-deformed. A real-world analysis is
done to measure the ”sim-to-real” gap in how well the model performs on real-world
data.

Chapter 5 presents and analyzes three generative adversarial networks for domain
adaptation. Images are generated by these networks and the performance of the do-

main adaptive method is compared with the generalization approach from chapter 4.



The impact and results from this method are discussed further.

Chapter 6 concludes the thesis and suggests future directions for this research.



Chapter 2

Literature Review

2.1 Geometric Quality Assurance Methods

The process of geometrical quality assurance based on coordinate measurement is an
essential aspect of ensuring the accuracy and consistency of manufactured products in
assembly lines. By utilizing this method, manufacturers can reduce production time
and costs, while also increasing the overall quality of their precision products [48].
The accuracy of geometrical quality inspection in industrial settings heavily relies on
the visual or haptic assessment of human operators, which can be time-consuming
and prone to errors [14]. This can lead to significant delays and increased costs in
the manufacturing process, making it a critical issue that needs to be addressed.

Heuristic methods, such as conventional photogrammetry [5], have been popular
in industrial inspection, but they often lack generalizability and are limited by the
complexity of the inspection task. As a result, there is a growing interest in the
development of more advanced and automated inspection methods, such as computer
vision and machine learning, that can provide more accurate and efficient solutions to
quality assurance in industrial settings. Modern quality assurance methods powered
by machine learning can solve this problem [21] but require large datasets with diverse
deformations for training [63]. Generating a large and diverse dataset of deformations
in physical objects can be a difficult and time-consuming task. Moreover, the physical
limitations and constraints in object deformations might not cover all the possible
scenarios, making it difficult to achieve a comprehensive dataset [7].

Therefore, alternative approaches, such as simulations, can provide a more efficient

and versatile way of generating such datasets for machine learning-based quality assur-



ance methods [26]. While simulation is a viable option for creating training datasets,
there have been efforts to explore data augmentation [65] or generation methods like
generative adversarial networks (GANs) [55]. However, these methods are not as in-
terpretable or controllable by expert knowledge, and may not provide the same level
of meaningful diversity as simulations. Independent research has been conducted in
this area, specifically aimed at automating the simulation of deformations [67]. As a
result, this technology is now available for data synthesis applications. This advance-
ment has enhanced the efficiency and accuracy of data synthesis, enabling researchers
to generate realistic simulations of deformations more quickly and reliably.

While simulated input can be useful in training machine learning models, there
is a risk that the model’s performance will be degraded when transferred to a physi-
cal environment due to discrepancies with the real world. Therefore, it is important
to consider the limitations of simulated input. One approach to improving the ro-
bustness of machine learning models in quality control applications is to add noise
to images [74]. This can help the model to better generalize and perform well on
unseen data in the real world. Adding noise augments the dataset and helps prevent
networks from overfitting. However, it is important to carefully select the type and
amount of noise to add, as too much noise can spoil the model’s performance. Too
much noise may obscure the data needed for the network to learn.

Geometrical assessment of manufacturing products has taken advantage of a wide
range of measurement techniques to accurately identify and classify deformities in
objects. Researchers have explored different methods for shape measurement, includ-
ing the use of laser optics [51, 71]. However, this technique can be expensive and
requires specialized equipment, making it less accessible for some applications. An
alternative approach that has gained popularity in recent years is the use of RGB-
D images for deformity detection and classification. These images capture both the
colour and depth information of objects, allowing for a more comprehensive analysis
of their geometries. By leveraging machine learning algorithms and computer vision
techniques, researchers have been able to identify different types of deformations in
objects, such as rigid, elastic, plastic, etc., from images [30].

On one hand, the advantage of using RGB-D images over laser optics is the ease
and accessibility of data collection which allows for faster and more cost-effective
data acquisition, making it a viable option for many industrial and manufacturing
settings. On the other hand, using point-cloud laser optic measurement of objects in

combination with image inputs has shown great accuracy suitable for real-time de-



formation detection in an industrial setting [64]. Another approach in this regard is
using conventional heuristic photogrammetry techniques to obtain 2D readings from
3D computer-aided design (CAD) models and compare the outcome with real 2D
images taken from the object [5]. However, the availability of an easier implementa-
tion able to address a wider range of applications is important. Therefore, exploiting
raw CAD files and RGB images would be the priority over using other techniques
discussed.

Machine learning manufacturing applications using image analysis have been a
research topic for many years in the manufacturing and production industries [61].
For instance, in a recent paper, a computer vision module was designed to substi-
tute human judgment in wear analysis as a part of manufacturing assessments [70].
Additionally, supervised learning although the predominant machine learning frame-
work, is not the only one explored. A semi-supervised learning pipeline suggested
by [39], uses auto-encoders to reduce the dependence of regular supervised-learning-
based methods on huge labelled datasets. Although this improvement will facilitate
the inclusion of unlabeled data in many cases, the total available data, whether la-
belled or not, might not always be enough. This necessitates using simulation-based
data generation pipelines. The competence of such an approach has been verified in
different problems of this field [10], and this thesis proposes a pipeline for another
application whose efficiency is validated in a simulated environment.

Another factor to consider when working with machine vision is the camera posi-
tion and calibration. To ensure faster and more accurate evaluations in the real world,

it is imperative to reduce the sensitivity of machine vision to camera calibration [3].

2.2 Deformation Detection Methods

The detection of deformations has been a critical area of research within the field of
computer vision, essential for applications ranging from structural health monitoring
[13] to manufacturing and production quality control [54]. Over time, deformation
detection approaches have significantly developed to improve the quality and capabil-
ity of the proposed methods, leading to enhanced precision, reliability, and speed in
identifying structural deformities. Existing approaches can be divided into two main
streams: Classical approaches, characterized by their reliance on traditional image
processing techniques and heuristic algorithms, and Deep Learning-based approaches.

Classical approaches often involve edge detection, feature extraction, and template



matching, leveraging geometric and photometric invariants to identify deformations.
Erkan et al. propose the integration of gravimetric and magnetic fields through de-
formation analysis for near-surface detection problems [15]. In [42], Mares et al.
use colour encoding to measure transient 3D deformation. Similarly, in [57], bend-
ing deformation is detected through changes in colour ratios, observed by compact
colour sensors. While these approaches are foundational and important to addressing
the deformation detection problem, they often come with certain drawbacks such as
their dependency on manual feature selection and engineering, and their sensitivity
to noise.

Deep learning-based approaches, on the other hand, leverage the power of neural
networks to learn and extract features relevant to deformation automatically. Zhao et
al., present an approach for the deformation prediction method using a deep learning
model during the numerical control machining process [73]. Tabernik et al. introduce
a segmentation-based methodology for automating the detection of surface anomalies,
including deformations [62]. Their strategy leveraged deep learning for segmentation
and a decision network, enabling precise identification and analysis of irregularities on
surfaces. One such deep learning approach is convolutional neural networks (CNNs).

CNNs are one of the most significant networks in the deep learning field [38].
CNNs are widely useful for a variety of vision-based tasks such as classification, ob-
ject detection and segmentation. While CNNs are a mature technology, they are
still widely useful and can be used to classify and detect deformation in images for
industrial quality assurance.

As mentioned previously, classification through edge detection and feature match-
ing methods have to be performed and created by humans manually. CNNs perform
this automatically and learn features directly from raw image data. The internal ar-
chitecture of CNNs is inspired by visual perception [29]. Artificial neurons in CNNs
respond to kernels which can respond to various features. Activation functions only
allow signals to fire if they exceed a certain threshold. This process is similar to how
neural electrical signals function as well. CNN architectures use these convolutional
kernel layers to extract features, pooling layers that reduce data size, and activation
layers that introduce non-linearity. By stacking these layers, CNNs learn increasingly
complex features, leading to accurate classification.

CNNss offer several advantages for identifying deformations in images. They elim-
inate the need for hand-crafted features from heuristic methods, saving time and

effort. Additionally, they can learn complex features that classical methods might
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miss. Furthermore, their convolutional layers preserve spatial information, making
them robust to minor variations in object position or rotation. CNNs trained on large
datasets often generalize well to unseen images.

These strengths make CNNs ideal for deformation detection in industrial quality
control. By training a CNN on images with and without deformations, the model can

learn to identify variations indicative of defects.

2.3 Synthetic Data

Synthetic data has emerged as a useful tool for machine learning and offers significant
benefits, making it appealing for a wide variety of applications [41]. This can include
vision, voice, natural language processing (NLP), healthcare and more. Key features
that make synthetic data valuable can include privacy-preserving properties in the
medical field [50], reducing the expense from not needing to label collected data and
relative ease of creation compared to non-synthetic datasets. In scenarios where real-
world data is scarce or limited, synthetic data generation techniques can be employed
to artificially expand datasets. This enriched data pool allows for more robust training
of ML models, mitigating issues like overfitting that can plague models trained on
limited data.

There are a variety of ways to generate synthetic data. These can include stochas-
tic processes [22], simulations (eg. game and graphics engines) [17], and deep learning
methods [17].

One challenge with using synthetic data is assessing its quality. Metrics for as-
sessing this can be split into three categories: fidelity, diversity and generalization
[1]. Fidelity can be described as the quality of the samples, which can be done either
computationally such as "Fréchet Inception Distance” [28] or by human evaluation.
Often it is not enough to simply have just high-quality synthetic samples, there must
also be diversity [17]. The data generated should show variety and cover the range
of possible scenarios and edge cases present in the real world. Lastly, an important
quality is generalization. It is essential that the synthetic data are not copies of the
original data [17]. Samples with high fidelity and diversity do not guarantee synthet-
ically generated samples are not copies of the original data [17]. Our generated data
should not be replicas and be samples that support model training such that it can

be effectively applied to new unseen real data.
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2.4 Image Data Augmentation

Data augmentation is a valuable technique for overcoming limitations in real-world
data acquisition. This approach involves artificially manipulating existing data to
create a broader and more diverse training set [58]. This is done assuming that more
data can be extracted from the original dataset through augmentation.

Geometric transformations are one type of data augmentation. Examples of this
include scaling, rotating, cropping, flipping and translating images. It is important
when considering some of these augmentation operations to think of their effects on
data. For example, in the MNIST handwritten digits dataset, this could transform
an image of a 6 into a 9. Noise injection is another technique that is useful for data
augmentation. Moreno-Barea et al. [44] have shown adding noise to images can help
CNNs learn more robust features.

Photometric transformations are another class of data augmentation. Modifying
pixel intensities through brightness, contrast, and colour jittering helps the model
cope with lighting changes and material variations that might occur in real-world
settings. Kernel filters can be used to sharpen and blur images. Blurring images can
lead to greater motion blur tolerance in trained networks. Sharpening images can
result in the network understanding more details in the image. Random erasure is
another method that selects a rectangular region within an image, fills it with random
values, and improves image recognition issues with occlusion [75].

Data augmentation can also be extended to manipulate the background of the im-
age. This is particularly useful in industrial settings where objects might be inspected
against different backgrounds (e.g., conveyor belts, workstations). This technique was
used by Patrizi et al. [47] for augmenting a dataset for automated sorting of littered
waste. This was one of the methods used to augment datasets in this thesis. This
method can allow models to learn to identify deformations irrespective of the sur-
rounding environment.

The main benefit of data augmentation is that models are exposed to a wider
range of realistic variations. This makes them less prone to overfitting and perform
more accurately on unseen data. However, it’s crucial to strike a balance. Over-
augmentation can create unrealistic distortions or create inflated datasets which result

in poor network performance.
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2.5 Domain Adaptation

Unsupervised Domain Adaptation (UDA) aims to leverage labelled data in one or
more source domains to perform well on the unlabeled target domain, despite dif-
ferences in the data distribution between these domains [6]. This learning paradigm
is crucial for various computer vision tasks where acquiring labelled data is lim-
ited or highly costly. UDA can be classified into discrepancy-based [9, 32, 69, 16]
reconstruction-based [4], and adversarial-based approaches [52, 40, 68, 8]. Among
these, adversarial methods have gained prominence due to their effectiveness in min-
imizing the domain discrepancy by framing the adaptation as a two-player game,
where one network aims to distinguish between the source and target domains, while
another tries to make the domains indistinguishable [18, 66]. This technique has been
further refined by recent advancements such as the gradient-aligned domain adversar-
ial network [52], which introduces novel mechanisms for enhancing the alignment of
domain features, and the multi-level joint distribution alignment-based domain adap-
tation [40], demonstrating the potential of adversarial methods in bridging domain
gaps more effectively.

The utilization of GANs in adversarial domain adaptation showcases significant
advancements in domain transfer tasks. GANs, through their generator and dis-
criminator networks, have been used for domain adaptation to either generate syn-
thetic data that is indistinguishable from the target domain or learn a transforma-
tion from the source to the target domain. Notable implementations include the
Domain-Adversarial Neural Network (DANN) [18], which introduces a gradient rever-
sal layer to fool the domain classifier, effectively making the feature extractor domain-
invariant, and CycleGAN [76], which has been used for image-to-image translation
tasks, demonstrating the capability to adapt domains without paired examples. In re-
cent studies, Yao et al. introduced a Shared Wasserstein adversarial learning approach
[72], while Ge and Sadhu [20] utilized physics-informed learning and self-attention
mechanisms to enhance GAN performance. Further enriching the domain, Wei et
al. [68] proposed a self-training method via weight transmission between generators,
and Cai et al. [8] explored the potential of symmetric consistency with cross-domain
mixup. These contributions collectively illustrate the methodological advancements

GANSs bring to UDA, driving the field towards more effective adaptation techniques.
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2.6 Generative Adversarial Networks

GANSs are a unique two-network architecture that provides a way to learn deep rep-
resentations without extensively annotated training data [12]. Originally proposed
in 2014 by Goodfellow et al. [23], two networks are pitted against each other where
one called the generator acts as an artist creating new images. The other network,
the discriminator, acts as a critic analyzing real and generated images trying to spot
the fake. Through this competition with each other, both networks improve. The
generator learns to create increasingly real data and the discriminator becomes highly
adept at spotting fakes.

Adversarially training these networks involves finding parameters for a discrimina-
tor to maximize its classification accuracy, while for the generator finding parameters
to maximize discriminator confusion. These networks are trained separately where
the parameters of one network are fixed while the other is updated. Goodfellow et
al. [23] show there is a unique optimal discriminator for every fixed generator able to
identify the generated data. An optimal generator has the discriminator predicting
0.5 for all samples indicating maximum confusion. In an ideal scenario, each network
is trained until optimum parameters are reached. However, in practice, each network
is trained for a small number of iterations with the generator updating simultaneous
to the discriminator.

Training GANs is unstable and difficult which can be due to a variety of reasons.
There can be difficulty in getting the generator and discriminator to converge [49], the
generator can collapse providing similar samples for a given input [56] or the discrim-
inator loss can quickly converge to zero [2]. These shortcomings can be addressed
in several ways. One method is through deep convolutional generative adversarial
network (DCGAN) architectures which came as a result of exploring CNN architec-
tures used in computer vision [49]. Batch normalization [31] in both networks is also
recommended for stability in deeper models. The leaky ReLLU activation function
in the discriminator has also been shown to give superior performance and training
stability over other ReLLU functions [49]. Other methods can include changing the
architectures of the generator and discriminator, changing hyperparameters such as
batch size, learning rate etc. and how many training iterations each network receives
separately.

Despite these training drawbacks, GANs are widely useful in several tasks. For

example, GANs have shown excellent performance in classification and regression
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tasks [59], image synthesis [53], image-to-image translation [76], and super-resolution
[34].

In the context of this thesis, generative adversarial networks provide an excellent
method for understanding the distribution of real-world data. This understanding can
adapt synthetic samples to mimic real-world data, effectively crossing the sim-to-real
gap and increasing the accuracy of deformation detection. GANs can be specifically

trained to adapt images relevant to the industrial setting.

2.7 Conclusion

The field of deformation detection has seen significant advancements in industrial
quality assurance. However, approaches that rely on real-world data collection for
training can be a time-consuming and expensive bottleneck.

While data augmentation and domain adaptation using GANs offer alternative
solutions for leveraging existing data, they can lack the control and interpretability
that simulations provide. The proposed pipeline provides a unique solution to this
problem and addresses this gap by incorporating these established techniques within
a simulation-based data generation pipeline.

This framework leverages the strengths of both worlds. Simulations are utilized to
create a diverse and controlled dataset of deformations, overcoming the limitations of
real-world data collection. This data is then augmented using established techniques
to further enhance its generalizability. Alternatively, domain adaptation methods us-
ing GANs can be employed to ensure the model performs well on real-world data, de-
spite potential differences between the simulated and physical environments. Finally,
a machine learning model is trained on this enriched dataset to identify deformations
in RGB images.

By drawing from these established fields, simulation-based data generation with
existing data manipulation techniques, combined with domain adaptation offers a
unique and potentially more efficient solution for deformation detection in industrial
settings. This approach aims to improve the accuracy and efficiency of the process

while maintaining control and interpretability.
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Chapter 3

Data Generation and Dataset

Preparation

This chapter introduces the data generation environment for creating synthetic data
for deformation detection. Within this section, the Blender simulation environment,
procedural deformation and post-processing techniques are discussed. The generated
datasets are also shown. The data generated and discussed in this chapter are later

used in Chapters 4 and 5.

3.1 Blender Environment

Blender is an open-source computer graphics, rendering, and simulation environment
with a variety of tools that aid in the generation of synthetic visual data. Blender
accepts most file types associated with computer-aided design (CAD) and a Python
interface for automation of the visual dataset creation process. Blendtorch is a Python
framework for integrating Blender with Pytorch for deep learning applications [11].
Blendtorch was used to integrate the Blender Python scripting environment into an
integrated development environment (IDE) with the rest of the project so rendered
images could be used to automate dataset generation. The Python interface allowed
for the automation of creating datasets by automating camera placement, object
tracking and procedural deformation of the CAD object. An initial proof of concept
was done using the built-in Blender monkey head, Suzanne, to model deformation
and dataset creation as well as basic classification. The object was selected as it

has complex features. Later, a Coca-Cola pop can was used for the full sim-to-real
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pipeline. The object was selected as it is easy to acquire a sizeable physical dataset
for and easy to deform in simulation and real life to create the deformed class. The
metallic nature of the object also presents an interesting classification challenge. For
each object, the Blender environment was used to generate synthetic images of the

deformed and non-deformed objects.

3.2 Creating Deformed Objects

Blender has a wide variety of tools available for creating deformations. The shape
key in Blender can be assigned to a complex deformation and allows for interpolation
between that deformed state and the original by setting a value between 0 and 1.
This tool is especially helpful for creating new and different deformations as complex
deformations can be mixed using the shape keys to create new and different ones.
Specific deformation tools that were found to be most useful for creating these datasets
were the displace and lattice deform modifiers to create specific deformations based

on human expert information.

3.2.1 Blender Monkey Head ”Suzanne” Deformation

Deformation of the Suzanne object was done by creating a mesh deform modifier for
the object. To do so, another simpler lattice object was created outside of the Suzanne
object. This lattice was then linked to the Suzanne object. By dragging the faces and
vertices of the polygonal object, the Suzanne object would be pulled or pushed in the
same manner. These deformations were set to shape keys in Blender which can be
used to modify the extent of the deformation. 12 shape keys were arbitrarily chosen
as the number of deformations created to provide some variety to the deformations.
The extent of the deformation created by the shape keys was also arbitrarily chosen
to be a uniform random value from 0.3 to 1. Shape key values below this threshold

were more difficult to see and identify visually.

3.2.2 Pop Can Deformation

The deformation of the pop can object was done by combining a lattice deformation
and a displace modifier. A simple cube lattice was created around the can to control

major deformations coined as crushes, pinches, folds, twists and crunches. When the
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lattice is deformed it controls the resulting deformation in the pop can. 12 lattice
deform shape keys were created of the various macro deformation types. Movement
and rotation deformations were applied to both the seal and tab of the pop cans and
mapped to shape keys and make the cans appear open. In all samples, the tab and
seal of the pop cans are set to a random state between fully open and fully closed. The
tab is always set to a state more closed than the seal to prevent impossible geometries
and part clipping.

Smaller deformations on the surface of the can were created by using a displace
modifier. Vertex groups were used to limit these deformations to the side of the can
leaving the top and bottom unaffected. The displace modifier slightly inflates the
object and applies a texture to deform the surface. For the pop can object, the most
realistic texture was a hard Stucci texture scaled to look similar to the sharp edges of
a crinkled pop can. 3 different hard Stucci textures were created and applied to the
sides of the pop can to deform the surface. Each Stucci surface texture was assigned
a corresponding shape key. By combining the lattice deformation and displacement
deformations, high-quality procedural deformations can be created. In the deformed
class, 12 lattice deformations and 3 displacement deformations were combined. The
displacement deformations were each assigned a randomized weight and combined in
a way to ensure there was a procedural deformation on the surface of the object. For
the lattice deformations, 3 or more types (crush, pinch, etc.) were randomly selected
and combined to produce a wide variety of deformations to the same pop can and
better match the deformations seen in the physical dataset. Each type was assigned
a randomized weight to differ in the extent each lattice deformation type makes on
the object. For each lattice deformation type, various shape keys were mixed and

selected. The result is a realistic, procedural deformation.

3.3 Shading and Lighting

In Blender, the shading editor plays a crucial role in defining the visual appearance of
objects. It functions like a digital artist’s palette, offering various tools and options
to control the materials, textures, and lighting applied to 3D models.

One key aspect of the shading editor is defining the material properties. It allows
users to specify whether an object is metallic, glassy, or a combination of different
materials. This significantly impacts how light interacts with the object, influencing

its overall look and feel. Additionally, the editor provides access to a vast library of
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textures, which can be used to add realistic details like wood grain, fabric patterns,
or even complex procedural textures like clouds or fire.

Furthermore, the shading editor offers powerful tools for manipulating light and
shadows. Users can create various light sources, such as point lights, spotlights,
and area lights, to illuminate the scene. Additionally, tools like the environment
texture slot allow users to incorporate a High Dynamic Range Image (HDRI) as the
environment background, realistically simulating real-world lighting conditions.

The Suzanne object material properties were set to be metallic and feature a
surface similar to brushed aluminum. Visual methods of deformation detection often
struggle with picking up features of metallic and shiny objects which is why the object
was shaded in this manner. Many processes in factories have components that have
similar surface qualities, so the object was textured similarly to reflect that. The
lighting environment utilized hand-placed point light sources.

The pop can had a more complex shader environment than the Suzanne object. A
UV map was created to unwrap the vertices of the object mesh onto a 2D plane. From
there a Coca-Cola can label was placed on the side of the can. For the label area, a
shiny, slightly reflective shader was created to mimic the look of a real-world pop can.
The top and bottom of the can were given a metallic shader mimicking aluminum
material properties. A dynamic procedural lighting environment was created for this
object using the world shading module. An EXR file was randomly selected and
plugged into the HDRI lighting module. This was then given a random rotation to
create realistic and different light and shadows on the can object. The HDRI lighting
module also creates a background for the object when used. This was not desirable for
the dataset so a background color was mixed with the HDRI lighting. This allowed
the lighting to affect the object but only for camera rays hitting the object and a

solid colour background for the object.

3.4 Rendering Images

Rendering was done by creating new cameras set up in polar coordinates around the
object. The cameras were set to be aimed at the object’s center of mass using built-in
tools in Python. For each procedurally deformed object, 4 cameras were set up in a
uniform random polar position according to certain parameters. The parameters for
the camera positions for the Suzanne object are shown in Table 3.1 and the parameters

for the pop can are in Table 3.2. In the tables, the camera position parameters are
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given in polar coordinates 6, ¢, r with the origin as the object’s center of mass.

Table 3.1: Suzanne camera position parameters in Blender

Camera
No. 1 No. 2 No.3 No.4
0 [20°—70°] [110° — 160°] [200° — 250°] [290° — 340°]
o) [60° — 100°] for all cameras
r [6m — 12m)] for all cameras

Table 3.2: Pop Can Camera position parameters in Blender

Camera
No. 1 No. 2 No.3 No.4
6 [20°,70°] [110°,160°] [200°,250°] [290°, 340°]
o) [50°, 70°] for all cameras
r [0.3m — 0.45m)] for all cameras

The images were rendered using the offscreen-renderer available in BlendTorch.
Depth images are possible in this pipeline but require the use of the Blender com-
positor and a different renderer available in BlendTorch. The Suzanne images were
rendered as 1920x1080 RGB and the pop can images were rendered as 512x512 RGB.

Both image datasets were later modified.

3.5 Post-Processing

The post-processing steps are essential for ensuring the datasets look correct and
are useful for future steps. The Suzanne dataset and pop can datasets had different
post-processing steps needed. However, one step needed for both datasets is gamma
correction. The rendered images for both objects are created in the linear colour
space and require pixel-wise gamma correction for the images to look correct. The
formula used for pixel-wise gamma correction is shown in equation 3.1. A gamma
value 7 of 1/2.2 was used to correct the colour values. [;, represents each pixel in the

input image and I, is each pixel in the output image.
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3.5.1 Blender Monkey Head ”Suzanne” Image Post-Processing

The Suzanne images were post-processed to reduce the image sizes to be more suit-
able for use with a neural network. The 1920x1080 RGB images were rescaled to
480x270 grayscale. This data transformation reduces the size of the data making it
more suitable for machine learning reducing memory usage and improving training
time. The dataset was duplicated with another copy having Gaussian noise added
as described in equation 3.2. Gaussian noise can increase diversity in training data
artificially and therefore model stability. The noise follows a normal distribution with

a mean of 0 (u = 0) and a standard deviation of 0.1 (o = 0.1).

1

o\ 2w

SO(Z> = 6_(Z_H)2/(202) (32)

The final step in the Suzanne dataset post-processing was to combine the 4 camera

views of each created object into a single dataset sample.

3.5.2 Coca-Cola Pop Can Image Post-Processing

The pop can dataset was generated with both a black background and a green back-
ground. The green background version was given additional post-processing to give
the images backgrounds from the BG-20k dataset [37]. The dataset features 20,000
high-resolution background images excluding salient objects that are made for high-
quality synthetic images. The green background images were rendered with an RGB
value of (0, 255, 0) for BG-20k images to be green-screened. For the green screen post-
processing to happen, a mask must be generated over the images. Using OpenCV,
a mask was created capturing pixels with the color value of the greenscreen. Once
the mask was created, morphological operations were applied to improve the quality.
Opening and closing morphological operations were performed to ensure there were
no holes in the generated mask where the new background would replace the object
or green specs of the background remained. Examples of these operations are shown
in Figures 3.1a and 3.1b. Lastly, a small erosion kernel was applied to ensure no green
pixels remained on the border of the object, which would affect network training. An

example of this operation is shown in Figure 3.1c. After these operations, the mask is
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complete and a randomly selected image from the BG-20k dataset replaces the back-
ground. The BG-20k dataset was chosen for the backgrounds due to it being created
for image matting tasks where foreground features are recognized from a background
image. This is ideal for the use case of creating a generalized background with the

important pop can features in the foreground.

(a) Opening Morphological Operation b) Closing Morphological Operation

) Erosion Morphological Operation

Figure 3.1: Examples of morphological transformations from OpenCV used to create
green-screen mask [46]

3.6 Resulting Datasets

In this research human evaluation is sufficient as the full sim-to-real deformation
pipeline is a proof of concept but for full commercial implementation, the pipeline
would benefit from computational fidelity metrics.

In the case of this thesis, this means our synthetic data from Blender should have
enough variety in deformations to mimic the real world.

4 datasets were created using the steps detailed in the previous sections. In
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addition to these 4 synthetic datasets, 1 real-world physical dataset was created.

Each of the resulting datasets is discussed below.

e Suzanne Monkey Head: 12000 images of the Suzanne monkey head object
were created, 6000 of which were of the non-deformed object and 6000 contained
a deformation. A sample of the non-deformed object is shown in Figure 3.2a
and a deformed sample in Figure 3.2b. In the deformed figure, the right eyebrow
was pulled further out from the object. Due to the post-processing step that
combines each of the 4 images into a single sample, this dataset contains 3000
samples. This dataset will be used to provide baseline results for a deformation

detection network on synthetic data.

e Suzanne Monkey Head with Gaussian Noise: This dataset consists of the
same images as the Suzanne dataset with Gaussian noise applied. Examples of
the non-deformed object are shown in Figure 3.2c¢ and Figure 3.2d. Due to the
post-processing step that combines each of the 4 images into a single sample,
this dataset also contains 3000 samples. This dataset will be used to analyze

the performance of a deformation detection network in the presence of noise.

e Coca-Cola Pop Can - Black Background: 6000 images of a pop can were
rendered for this dataset consisting of 3000 deformed pop can images and 3000
non-deformed images. Images for this dataset were rendered with a solid black
background around the object. Samples from this dataset are shown in Figure
3.3b for the non-deformed object and Figure 3.3a for the deformed object. This

dataset was created to provide a baseline for sim-to-real deformation detection.

e Coca-Cola Pop Can - BG-20k: 6000 images of a pop can were rendered for
this dataset consisting of 3000 deformed pop can images and 3000 non-deformed
images. Images for this dataset feature backgrounds from the BG-20k dataset.
Samples from this dataset are shown in Figure 3.3d for the non-deformed object
and 3.3c for the deformed object. This dataset was created to provide a data

augmentation approach for deformation detection.

e Pop Can - Physical Dataset: A physical dataset was created as well to
provide a real-world object to test our synthetic data against and measure the
sim-to-real performance gap. Like the synthetic dataset, 4 camera views of

each deformed object were used. 40 deformed cans were used to create the 160
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images making up the deformed class. 3 cans were used for the non-deformed
class with 5 images from each camera view quadrant. These 60 images are used
for the non-deformed class for the physical dataset. The images were taken with
a smartphone camera in a 1:1 aspect ratio with positions and angles similar to
those set up in the synthetic dataset. Examples of the real-world data are shown

in Figure 3.3e and Figure 3.3f.

(a) Non-deformed object images (b) Deformed object images

(c) Non-deformed object images with Gaus- (d) Deformed object images with Gaussian
sian noise noise

Figure 3.2: Suzanne object images in the Blender environment



(a) Synthetic Deformed Can Black (b) Synthetic Non-deformed Can
Background Black Background

(c) Synthetic Deformed Can BG-20k (d) Synthetic Non-Deformed Can
Background BG-20k Background

(e) Real Deformed Can (f) Real Non-Deformed Can

Figure 3.3: Synthetic and Real Can Dataset Examples
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Chapter 4
Data Augmentation

This chapter explores the potential of synthetic data augmentation for deformation
detection in object condition assessment. The chapter is divided into two main sec-
tions. The first section details the creation and evaluation of two neural networks for
classifying deformed Suzanne objects from synthetic images. The purpose of doing
this is to ensure that synthetic deformation in Blender can be detected by a neural
network before moving to a full sim-to-real experiment. The second section explores
the challenges of sim-to-real transfer in the soda can dataset and uses background

generalization as a method to improve real-world applicability.

4.1 Synthetic Validation

This section explores the development and evaluation of two neural networks designed
for deformation detection of the Suzanne object. The primary objective was to de-
termine which network architecture achieved superior performance and robustness in
identifying deformations. The section delves into the design choices, training proce-
dures, and validation results of both networks, ultimately highlighting the advantages

of the residual block network in this application.

4.1.1 Deformation Detection Networks

Two simple neural networks were created to see if deformations could be detected in
the generated synthetic images. Each of the networks used 4 images of a single object

sample as input, and output a binary classification if the object was deformed or not.
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One of the networks was based on residual blocks with the architecture shown in
Figures 4.1 and 4.2. The residual block network starts with 4 different streams, one
for each 480x270 gray-scale picture. Each stream begins with a 2D convolution with
128 features, a 3x3 kernel size, and a stride of 3. This layer is used to find features in
the image as well as reduce parameter size using the stride value of 3. Three residual
blocks follow the convolution layer to find and detect features and recognize any
deformations in the object in the image. Fach residual block contains a convolutional
layer with batch normalization and ReLLU activation followed by another convolution.
This output then is added to the original input. Each residual block is padded to
remain the same size as its initial input. Another convolution layer is then used to
reduce the channel size to 2 as well as a 3x3 max-pooling to condense the total size
needed for the linear layers. All four of the separate image streams are then flattened
and concatenated together. The first linear layer reduces the size from 6360 to 128
and the final linear layer reduces 128 to 2 for binary classification. The activation
function used for the output was sigmoid as it has been shown to be the optimal
activation function in feed-forward binary classification networks [45].

The second network as shown in Figure 4.3 was created to have a similar archi-
tecture and number of convolution layers as the residual block network. The network
features the same 4 image streams and the same first convolution layer. Instead of
residual blocks, 6 convolutional layers using batch normalization and ReLLU activation
were used. These layers maintained a feature size of 128 and used a 3x3 kernel and
a stride of 1. The same image size was maintained by padding the image. The re-
maining layers are the same as the residual block network with the same convolution,
max-pooling, and linear layers. The final activation function, sigmoid, was used as

well.

4.1.2 Network Training

Both networks were trained similarly. The Adam optimizer was used and the given
loss function for the networks was binary cross entropy. A learning rate of 0.001 was
used and a scheduler was used to decay the learning rate across the 15 training epochs.
Different milestones for the learning rate decay were used for each network. The
residual block network decay milestones were epochs 3, 7, and 11. The convolution
network decay milestones were epochs 4, 7, and 9. These milestones were selected

based on several trial runs by visualizing when the validation loss was no longer
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Figure 4.1: Architecture of the residual block network.
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decaying. When this occurred instead of early stopping, the learning rate decayed.
During training the residual block network seemed easier to train and less impacted by
hyperparameters such as learning rate, decay milestones and batch size. The networks
were able to learn effectively using these specified parameters and the results of this

training are discussed in section 4.1.3.

4.1.3 Validation Results

Overall, the residual block network demonstrated superior performance compared to
the convolutional neural network (CNN) based on accuracy, a common metric used to
evaluate classification models. The results are visualized in Figure 4.4. The residual
network achieved validation accuracies of 90.9% and 85.6% for the normal and Gaus-
sian noise datasets, respectively. In comparison, the CNN’s accuracies were slightly
lower at 90.2% and 85.8% for the normal and Gaussian noise datasets, respectively.

To delve deeper into the performance of the residual block network, the confu-
sion matrices were analyzed, which are illustrated in Figure 4.5. Confusion matrices
provide a detailed view of how the model classified the data points. In this case,
the rows represent the predicted labels (deformed or non-deformed), and the columns
represent the actual labels. Ideally, the values should be high along the diagonal,
indicating accurate classifications.

Figure 4.5a shows the confusion matrix for the clean dataset. Figure 4.5b presents
the confusion matrix for the noisy dataset, which is slightly less accurate compared to
the clean dataset. This suggests that the presence of noise introduced some challenges
for the model, particularly in correctly classifying non-deformed objects.

While accuracy is a valuable metric, it is essential to consider other performance
measures to gain a more comprehensive understanding of the model’s effectiveness.
Therefore, the F1-score, recall, and precision for the residual network on both datasets
were calculated as shown in Table 4.1.

Recall measures the proportion of actual positive cases (deformed objects) cor-
rectly identified by the model. The model achieved recall values of 0.8816 and 0.9248
for the clean and noisy datasets, respectively. This suggests that the model was
effective in identifying most of the deformed objects, even in the presence of noise.

Precision, on the other hand, reflects the proportion of the model’s positive pre-
dictions that were truly deformed. The model exhibited precision values of 0.9348

and 0.8164 for the clean and noisy datasets, respectively. This indicates that the
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majority of the objects classified as deformed by the model were indeed deformed,
especially in the clean dataset.

F1-score is a harmonic mean of precision and recall, providing a balance between
the two metrics. The model achieved F1-scores of 0.9074 and 0.8672 for the clean
and noisy datasets, respectively, indicating precision and recall are balanced.

The validation results demonstrate that the residual block network achieved promis-
ing performance in classifying deformed Suzanne objects from synthetic images. The
network exhibited high accuracy recall and precision values with a balanced F1-score
even in the presence of noise. These findings showcased that the images produced
using the data generation pipeline are sufficient to create a deformation classifier and

can proceed with a full sim-to-real experiment as outlined in section 4.2.

Validation Accuracy of Residual Network and Convolution Network
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Figure 4.4: Validation accuracy of residual block network and convolutional neural
network for both datasets



Actual

Deformed

Non-deformed

32

Actual

Predicted

Deformed

Non-deformed

(a) Clean dataset

Predicted

Deformed

Non-deformed

Deformed

Non-deformed

(b) Noisy dataset

Figure 4.5: Confusion matrices for the residual block model

Table 4.1: Performance measure of the residual network

Training dataset

Metrics Clean Noisy
Accuracy 0.9089 0.8578
Fi 0.9074 0.8672
Recall 0.8816 0.9248
Precision 0.9349 0.8164
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4.2 Sim-to-Real Deformation Detection

This section investigates the challenges and potential solutions for overcoming the
sim-to-real gap in deformation detection using the soda can datasets generated in
chapter 3. It explores the use of a modified VGG-16 network trained on the synthetic
pop can datasets and evaluated on a real-world scenario. The section delves into the
network architecture, training process, and the impact of background generalization
on performance. The findings highlight the limitations of a simple black background
and the benefits of employing diverse backgrounds like the BG-20k dataset to improve

generalizability and reduce the sim-to-real gap.

4.2.1 Sim-to-Real Network and Training

The network used for crossing the sim-to-real was a modified version of pre-trained
VGG-16. The VGG-16 model architecture [60], is widely useful in various computer
vision tasks such as image classification, object detection, and image segmentation.
The simplicity of the architecture makes it easily adaptable and effective, making
it a good network to use as a starting benchmark. The architecture of the original
VGG-16 network is shown in Figure 4.6. The original VGG-16 model consists of 13
convolutional layers and 3 fully connected layers. The convolutional layers use 3x3
filters with a stride of 1 and padding to maintain the spatial dimensions of the input.
Max pooling layers use a 2x2 filter with a stride of 2 and are used after every 2-3
convolution layers. This reduces the spatial dimensions by half.

The VGG-16 network used for this task has been adapted. The input image sizes
(512x512x3) are different than the sizes used by the original VGG-16 (224x224x3).
The network has the same convolution and max pooling layers, but the fully connected
layers have been changed. After the convolution layers, an adaptive average pooling
layer is used to fix the output size. This is then followed by 3 fully connected layers
with ReLU activation and a dropout layer. The 3 fully connected layers go to a one-
hot output with a sigmoid activation function. The sigmoid activation function has
been shown to be the optimal activation function in feed-forward binary classification
networks [45].

While training, all convolution feature layers except the final convolutional layer
were frozen in order to preserve learned features from its previous training on ImageNet-
1k. This pre-training allows the model to learn general features of images, which can

be transferred to the task of classifying the state of cans. The network was trained



Figure 4.6: Original VGG-16 architecture for ImageNet-1k classification

Figure 4.7: Adapted VGG-16 architecture for deformation classification
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using the Adam optimizer with a learning rate of 0.001 and a batch size of 32, for 15
epochs.

For validating the synthetic datasets, the synthetic data was split into training
and testing groups with 85% used to train and 15% used for testing. For the sim-to-
real experiment, the entire synthetic dataset was used to train and the entire physical

dataset was used the test.

4.2.2 Sim-to-Real Results and Discussion

Table 4.2 summarizes the best performance measurements obtained training VGG-16
on the synthetic and real-world datasets. The confusion matrices shown in Figure 4.8
provide a breakdown of the results for the deformed and non-deformed classes. The
network achieved very high accuracy in both background settings evaluating only
synthetic data as shown in Figures 4.8a and 4.8c. However, performance dropped
significantly when evaluated on the real-world dataset shown in Figures 4.8b and
4.8d. This is expected due to the inherent differences between the controlled synthetic
environment and the complexity of the real world, including variations in deformations
seen, camera angles, camera intrinsics and lighting conditions.

Introducing background variations using the BG-20k dataset significantly im-
proved the network’s ability to generalize to real-world data compared to the black
background, as shown in both the confusion matrices, Figures 4.8b and 4.8d as well
as Table 4.2. The principal component analysis (PCA) visualization in Figure 4.9
supports this observation. The physical dataset distribution is captured within the
BG-20k distribution, whereas the tightly clustered black background has no overlap
with the physical dataset distribution. This indicates the BG-20k backgrounds pro-
vide a more diverse and generalizable representation of the real world and the network

trained from it has more real-world utility.

Table 4.2: Performance measure of VGG-16

Synthetic dataset Sim-to-real

Metrics Black BG-20k | Black BG-20K
Accuracy 0.998 0.955 0.450  0.755
i 0.098 0955 | 0485  0.550
Recall 10 0997 0950 0550

Precision 0.997 0.917 0.326 0.550
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These results demonstrate the potential of using synthetic data with background
variations for training deep learning models for deformation detection. This approach
offers several advantages, particularly in scenarios where traditional methods are lim-
ited. Additionally, this method has no reliance on real-world data for training the
network which can significantly reduce the time and resources needed to create large
extensive training datasets, making it a more cost-effective solution.

Future improvements in simulation quality, such as incorporating more accurate
shape keys or depth information, are expected to further enhance the generalizability
of this method to real-world scenarios. This could allow for the detection of even finer
deformations and a broader range of object types.

Despite the inherent stochasticity of real-world camera variations and the chal-
lenges posed by complex metallic surfaces, the background variation approach im-

proves sim-to-real deformation detection.
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Chapter 5
Domain Generative Adaptive

In the preceding chapter, a data augmentation approach to crossing the sim-to-real
boundary was used. The networks were trained using only synthetic data and evalu-
ated on the real data; the goal being to train a network solely on synthetic data and
having acceptable real-world performance.

This chapter introduces a domain generative adaptation approach. A challenge
inherent in adapting a neural network from one dataset to another is that when
training, the network learns based on the distribution of the dataset. When this
trained network is then tested on a different dataset, there is a drop in accuracy. For
example, the network trained in the preceding chapter was trained on the synthetic
dataset and had a drop in real-world performance. The goal is to design a network to
handle the distribution shift from the synthetic Blender environment to the physical
real world using pop cans as an example. In this chapter, the training scenario has
changed, where we are assuming limited real-world training data is available. The
goal is then to utilize the small real-world dataset to adapt the created synthetic
dataset. Generative Adversarial Networks (GANSs) are uniquely well suited to this

task and several different architectures are explored in this chapter.

5.1 Implementation of a (Generative Adversarial
Network

GANs provide a way to learn deep representations without extensively annotated
training data [12]. This is very useful for a variety of tasks including image synthe-

sis, style transfer, image superresolution, and classification. The goal of a generative
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model is to study a collection of training examples and learn the probability dis-
tribution that generated them [24]. In this case, a GAN is being used to take the
synthetic pop can image and convert it into the style and domain of the real-world
pop can dataset. The result of this process is expected to generate new data from
the synthetic pop can dataset that more closely aligns with the real-world dataset.
In this example, the datasets have been rescaled to be smaller with an image size of
256x256x3.

5.1.1 Architecture

A GAN operates through a competition between two neural networks, a generator
G and discriminator D. The generator is given an image from the synthetic can
dataset and is tasked with creating a new image mimicking the real-world dataset.
The discriminator is given images from the real-world dataset and images from the
generator and must decide if they are real or generated. The architecture of a GAN
is shown in Figure 5.1.

The architecture of the generator used has 3 parts, an encoder, residual blocks, and
a decoder. The encoder section consists of expanding convolutional layers increasing
the channels from 3 to 64, to 128, and finally 256. A kernel size of 4 with a stride of 2
and a padding of 1 was used. The residual block portion consisted of 9 residual block
layers with 256 channels. The decoder section is the exact inverse of the encoder
architecture with decreasing channel sizes from 256 to 128, to 64 and finally 3. The
final output from the generator is an image.

The discriminator consists of 6 convolutional layers, a linear layer then a sigmoid
activated, 1 hot output. The convolutional layers first increase in channel size from
3 to 64, to 128, to 256, to 512 then finally decrease to 16. The single linear layer
goes from 3136 to just 1. A sigmoid activation function is applied to the output to
generate a probability the input image is generated or not.

Finally the classifier from Section 4.2.1 was used to classify the images.

5.1.2 Loss Functions

The overall objective of a GAN is captured in the minimax loss function shown as
V(D,G). This function aims to find an equilibrium between the generator and the
discriminator. The generator continuously improves its ability to generate realistic

data, while the discriminator becomes better at distinguishing between data created



Figure 5.1: GAN architecture
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by the generator and real data. The L54n term measures how well the discriminator
performs. It encourages the discriminator to assign high probabilities to real images
and low probabilities to fake images created by the generator. An identity loss func-
tion L4 was added as well to encourage the GAN network not to change the image
too drastically and the structure of the can not be changed too much. The L;, loss
is a pixel-wise L1 loss between the original image x(p) and the generated image y(p).
In addition to these losses, a task loss L1, was added. This was used to encourage
the generator to make the data easier to classify and the data it generates belongs to

the correct class.

e Full Objective:

mGin maz V(D,G) = Lgan + Lra + Lrask (5.1)

e Adversarial Loss:
LaaN = Exupyarapo 108 D(X)] + Eyop, (p[log(1 — D(G(y)))] (5.2)

e Identity Loss:
1
Lra= D l=(p) —y(p)| (5.3)

5.1.3 Training and Results

The learning rate for the generator and discriminator was 0.0002 and the learning rate
for the classifier was 0.005. The network was trained for 200 steps before the generated
images were manually inspected. In each step, the network takes an input batch and
the parameters are updated. Throughout the training processes the generator and
discriminator losses appeared balanced and the networks were training well. The
pop can dataset with the BG-20k background was used during training as the source
dataset and the real-world pop can dataset as the target dataset.

The results are shown in Figure 5.2. The input images are shown in Figure 5.2a
and the images converted by the generator are shown in Figure 5.2b. The image
quality is not acceptable and showed that the architecture shown in this section is
not suitable for the task and further investigation was needed. The content remained
the same but the background and style failed to change much. There is a variety

in the images output which does signal that the generator was learning but perhaps
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the discriminator was overpowered by the generator. Further results for classification

accuracy were not investigated in favour of another GAN model architecture.

(a) GAN Input Images

(b) Generated GAN Images

Figure 5.2: Input images and generated images from the GAN

5.2 Implementation of CycleGAN

CycleGAN takes a different approach to domain adaptation compared to a traditional
GAN. It utilizes two generator networks and two discriminator networks. The first
generator (G focuses on translating an image from the source domain X to the target
domain Y. In this case, it’s converting from the synthetic domain to the real-world
domain. The second generator F' performs the opposite translation and tries to
convert from the target domain Y to the source domain X. The two discriminators are

used similarly to the GAN discussed in the previous section but each discriminator is



44

used for a specific domain. The discriminator performs the same job of distinguishing
between existing datasets and data created by the generators. Part of what makes
CycleGAN useful for this task is that it is an unpaired image-to-image translation
network [77]. This allows for the original content of an image to remain the same,
while the style, texture and background can be adapted. The black background and

real-world datasets were used as the source and target datasets respectively.

5.2.1 Architecture

The architecture used for CycleGAN is shown in Figure 5.3. CycleGAN functions
with two generators in competition with their respective generators. The generators
are tasked with translating an image into another respective domain while ensuring
enough data from the original image is present for the other generator to reconstruct
the image. The generators and discriminators used in the implementation of Cycle-
GAN had the same feature layers used in the GAN architecture in section 5.1.1.

The architecture of the generator used has 3 parts, an encoder, residual blocks, and
a decoder. The encoder section consists of expanding convolutional layers increasing
the channels from 3 to 64, to 128, and finally 256. A kernel size of 4 with a stride of 2
and a padding of 1 was used. The residual block portion consisted of 9 residual block
layers with 256 channels. The decoder section is the exact inverse of the encoder
architecture with decreasing channel sizes from 256 to 128, to 64 and finally 3. The
final output from the generator is an image.

The discriminator consists of 6 convolutional layers, a linear layer then a sigmoid
activated, 1 hot output. The convolutional layers first increase in channel size from
3 to 64, to 128, to 256, to 512 then finally decrease to 16. The single linear layer
goes from 3136 to just 1. A sigmoid activation function is applied to the output to

generate a probability the input image is generated or not.

5.2.2 Loss Functions

e Adversarial Loss: Adversarial loss is applied to both mapping functions. The
equation below is used for the mapping function G : X — Y and the discrim-
inator Dy. The generator G tries to produce images G(x) that are similar to
distribution Y while the discriminator Dy tries to differentiate between gener-

ated images G(z) and real samples Y. The generator is trying to minimize this



Figure 5.3: CycleGAN architecture
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function, while the discriminator is trying to maximize the function.

Laan(G, Dy, X, Y) = Eypina 108 Dy (¥)] + E()opyora () [l0g(1 — Dy (G(2)))]
(5.4)

e Cycle Loss: Adversarial loss can in theory produce results that are identical
to the target distribution. Cycle loss encourages the generators to be able to
change the translated image back to its original state. This is important for
making the generated image unique from the target images while still falling

into the distribution.
Leye(GF) = Eonppora@) || F(G(2) = (1] + Eymppora ) [IGEF () = yll1] (5.5)

e Full Objective: The full objective of the loss function is shown below. The
adversarial loss of both generators and discriminators are used in addition to
the cycle loss. The term A is used to balance the importance of the cycle loss.
Typical values for A\ are around 10 which was also used for this experiment,

making the cycle loss have a lot of impact on the total loss.

L(G,F,Dx,Dy) = Lcan(G,Dy, X,Y)+ Loan(F,Dx,Y, X) + )\ECyC(G, F)
(5.6)

5.2.3 Training and Results

The model was trained for 200 steps with a learning rate of 0.001 and a batch size
of 32 using the Adam optimizer. In each step, the network takes an input batch and
the parameters are updated. To reduce oscillation spectral normalization was used in
the discriminator. For each training step, the generator was trained for 2 cycles and
the discriminator was trained once.

The results from the training using the black background dataset are shown in
Figure 5.4 and showcase the adaptation from the synthetic domain to the real-world
domain. The conversion shown in Figure 5.4c¢c has poor results. The background
seems to have been converted quite well but there is a significant issue with how the
can is converted in the image. The converted image heavily distorts it and has limited
variation. The reconstructed image shown in Figure 5.4b shows poor reconstruction

as well. The results from CycleGAN proved unsatisfactory for the image translation
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between the synthetic and real-world datasets and classification was not performed.

(a) Black background CycleGAN input

(b) Black background CycleGAN reconstruction

(c) Black background CycleGAN converted

Figure 5.4: CycleGAN image analysis

Additionally, results using the BG-20k random background dataset were collected
which is shown in Figure 5.5. The results using this dataset resemble that of the
black background. However, the reconstruction results in Figure 5.5b are improved.
The converted results shown in Figure 5.5¢ are still unsatisfactory and training a

deformation classifier was not performed.



(a) Black background CycleGAN input

(b) Black background CycleGAN reconstruction

(c) Black background CycleGAN converted

Figure 5.5: CycleGAN image analysis
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5.3 Implementation of Disentangling Representa-

tion and Adaptation Network

This section focuses on the implementation of a disentangling representation and
adaptation network (DRANet). DRANet is a network architecture that can disen-
tangle the content and style from a latent space and transfer the visual attributes for
unsupervised cross-domain adaptation. The architecture, loss functions, attempted
improvements and results are discussed in this section to provide a comprehensive

analysis of using this network as a component in the sim-to-real pipeline.

5.3.1 Architecture

The architecture of DRANet is shown in Figure 5.6. DRANet uses an encoder E, a
feature separator S, generator G, two discriminators for source and target Dy, Dy,

a perceptual network P and a classifier C.

Figure 5.6: DRANet architecture

The workflow through the network is to take an image from both domains Iy, Iy,
and use an encoder to create a feature space that contains the essential information
from the images. The feature space then passes through the separator where the
content and style are extracted and the styles are swapped. The generator then takes
the content and style from the separator and decodes it to form an image. The
discriminator analyzes the output of the converted images from the generator Iy .y,
Iy _.x and compares them to the source images Ix, Iy. There is a discriminator for
each domain. The synthetic discriminator looks at the images converted from the

physical domain and original synthetic images. The physical discriminator looks at



50

the images converted from the synthetic domain and the original synthetic images.
These networks work against the generator to encourage more convincing generated
images.

The encoder E consists of a convolutional layer increasing the channels to 32,
followed by 3 residual block layers. Finally, a last convolutional layer is used and
expands the channels from 32 to 64. The task of the encoder is to take an input
image and capture its features.

The separator S consists of three convolutional layers with 64 channels. The
purpose of the separator is to split the features from the encoder into content and
style feature layers.

The generator GG consists of a transpose convolutional layer from 64 to 32, 3
residual block layers and a last transpose convolution layer from 32 to 3. A tanh
activation function is used on the output. The purpose of the generator is to take
content and style feature layers and generate an image.

All layers in the encoder, separator and generator use ReLU as the activation
function and spectral normalization [43].

The discriminator takes in images (Ix, Iy x for Dx, Iy,IX — Y for Dy) and
analyzes if the given image is generated or real. Initially the discriminators Dy, Dy
were standard discriminators with five convolution layers with channels from 3 to 16,
to 32, to 64, to 128, to 256 and a single linear layer to a singular output. In each
layer, spectral normalization was used and ReLLU was used as the activation function.
However, for the final results, this discriminator was changed to a patchGAN discrim-
inator. The architecture for the patchGAN discriminator was convolution layers from
3 to 64, to 128, to 256, to 512 and finally down to 1 channel. The architecture uses
LeakyReLLU as an activation function with a negative slope of 0.2. The advantage
of using a patchGAN discriminator was to provide better feedback to the generator
on which sections of the generated images best mimic target samples as opposed to
binary output.

The perceptual network P is a pre-trained version of VGG-19 on ImageNetl1k.
The role of the perceptual network is to analyze the images for content and style and
help train the separator network.

The perceptual network inputs the reconstructed I, I3, and converted images
Ix_y, Iy_,x and creates feature maps from several middle layers. The network finds
perceptual features to create constraints on the content and style of the images to

train the separator network in an unsupervised manner.



o1

Finally, the classifier is the same VGG-16 pre-trained network used previously,
that analyzes the images and tries to classify if the image contains a deformed or

non-deformed pop can.

5.3.2 Loss Functions

e Reconstruction loss: A reconstruction loss was used to minimize the differ-
ence between the input image I and the output image from the generator I'.
The image I’ is created by taking the input image I and passing it through the
encoder E which then skips the separator and is passed directly to the generator
G. Finally, the L1 loss is taken between I and ['.

L. = L1(I1y, 1), where I} = G(E(1y)) (5.7)

e Adversarial loss: Two discriminators Dge(x,y} were used for evaluating the
adversarial loss for the source and target domains. The images used for this
loss are the input images I and the image converted by passing through the
encoder F, separator S and generator GG, to form images Ix_,y and Iy _,x. For
the transfer of both domains, the adversarial loss is applied and the domain

adaptation of X — Y is shown below.
‘C}G/AN = Eprdata(Y) [log DY (y)] + E(I7y)'\’pdata(X,Y) [log(]' - DY(]X_>Y (l‘7 y)] (58)

e Consistency loss: Consistency loss is added to encourage the network to keep
the content and style information, scene structure and appearance consistent in
the representation space from the separator S. The consistency loss is calculated
by passing an images [y, Iy through the encoder E and separator S to get
content Cx, Cy and style Sx, Sy. The images in then fully converted to the
other domain to form images Ix_,y and Iy_,x. Ix_y and Iy_, x are then passed
through the same encoder and separator to get the converted contents Cx_,y,
Cy_ x as well as styles Sy _, x, Sx_y. The L1 loss is taken between both contents
Cx and Sx_,y and styles Sx and Sy_, x for domain X. The L1 loss of the other

contents Cy and Cy_,x as well as Sy and Sx_,y are used for domain Y.

L, = L1(Cx,Cxy)+Li1(Sx, Sy—x),  Lion = L1(Cy,Cyx)+L1(Sy, Sxy)
(5.9)
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e Perceptual loss: The perceptual loss[33] consist of content and style losses.
The purpose of the style loss is to teach the separator network how to disentangle
the content and style from the encoder in an unsupervised manner. This can
defined by the following function where £&,,1.ns Loontens ar€ the content losses

and Lg,,;., L. are the style losses.

[’Per = ‘CContent + /\‘CStyleﬂ ‘CPeT = ‘CContent + )\‘C}Sftyle (510)

The perceptual network is a pre-trained version of VGG-19. of which, Lo and
Lg are various feature layers. The image Iy and the converted image [x_,y are
input into the perceptual network and the output consists of various feature
layers Lo and Lg. The output of these feature layers is then used for further
calculation of the content and style. The function G forms the Gram matrix
of the feature layers and is used to calculate the style. The content and style
use a weight parameter A to balance the losses. This was the style loss used for

generating the pop can dataset.

Léontent = Y, 1PLx)=PLxsy)I3 0 Lle = D IGEBIy) =GR Ix-y))I[

leLc leLs

(5.11)
Additional experimentation in style loss was performed by replacing the Gram
matrix with Sliced Wasserstein Discrepancy (SWD). SWD is proposed to have
numerous advantages over Gram loss as outlined in [27] for style transfer and
texture synthesis. An implementation as outlined by [35] has been used for
calculating the SWD. In the following equation, the gram matrix was replaced
with the SWD.

Lo = D NISWD(P(Iy)) — SWD(Pi(Ix-y )|} (5.12)

leLg

Additionally taking the SWD of the Gram matrix was investigated as shown in

the formula below.

L= [[SWD(G(P(Iy))) = SWD(G(P(Ix-y))[% (5.13)

leLg
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e Full Objective: The encoder, separator and generator are trained to minimize
a loss function while a discriminator tries to maximize it. The domain d is

either the source or target domain X or Y.

: d
nin, Z %%XE (5.14)
de{X,Y}

L% is the combination of the previous losses discussed previous; £%., is the
reconstruction loss, £& ,y is the adversarial loss, £Z,, is the consistency loss,
and L4, is the perceptual loss. The alpha terms « are used to balance the total
loss function.

L= o1 LG+ oLl + sl + L, (5.15)

5.3.3 Wasserstein GAN with Gradient Penalty

DRANet-WGP builds upon the foundation of DRANet by employing a Wasserstein
GAN with Gradient Penalty (WGAN-GP) architecture. This shift from the original
deep convolutional GAN (DCGAN) structure was intended to have several advan-
tages, particularly in training stability. DCGANSs rely on weight clipping to enforce a
specific property called Lipschitz continuity. Lipschitz continuity ensures the discrim-
inator’s input leads to proportional changes in its output. This would lead to similar
images being classified with similar scores in the critic. However, using weight clipping
in the loss used by DCGANS can introduce an uneven loss landscape, underutilized
network capacity and gradient explosion or vanishing. WGAN-GP addresses these
problems by implementing a gradient penalty. This penalty term ensures the critic
adheres to the Lipschitz constraint inherently, without the need for explicit clipping.
Enforcing the Lipschitz constraint in WGAN-GP essentially limits how drastically
the critic’s output can change in response to changes in its input. This constraint
ensures the critic’s behavior is well-behaved and facilitates a smoother training pro-
cess. Additionally, the critic provides a more useful output to the generator, leading
to improved generated images. The downside to WGAN-GP is that while it has im-
proved training stability, they generally require more training iterations to converge
in comparison to DCGANs. While WGAN-GP might require more training time,
the enhanced stability and theoretical advantages showed promise of being a superior

method specifically in bridging the sim-to-real gap.
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The equation characterizing the WGAN-GP loss[25] is shown below.

L= E [D®] - E [DE)]+AE (VD@L -7  (5.16)
WGAN::rritic loss Gradien‘t,Penalty

P4 is defined as a uniform sampling between pairs of points in the data distri-
bution P, and generator distribution P,. The value used for A was 10, to try to
encourage smoother learning from the discriminator. The discriminator architecture
had to be changed to remove normalization from the generator and discriminator.
The normalization layers hinder the enforcement of the Lipschitz constraint which in
turn allows the gradient penalty to function more effectively.

Upon implementation of this concept, the generator struggled to compete with
the discriminator. Despite changes in various hyper-parameters, training the gen-
erator more often than the discriminator and expanding network layers, stability in
training was unable to be achieved. The DCGAN approach for DRANet has much
improved stability and faster convergence which is important as the training time for
this network is long. Spectral normalization seems to have a more positive effect on
stability than could be achieved by using the WGAN-GP architecture.

5.3.4 Style Loss Results

Figure 5.7 showcases how the different style losses affect a generated image. For
all images, the networks were trained for 6000 steps then the images were saved
for analysis. Analysis for the style loss was done using the MNIST and MNIST-M
datasets. These datasets were chosen due to the relatively small image size which
allows for faster computation for fine-tuning for an optimal style transfer that is
difficult to do with the much larger pop can datasets. Computation time using MNIST
and MNIST-M datasets took about an hour to reach training step 6000 whereas using
the pop can datasets computation time is about 24 hours to reach training step 600.
All computation was performed using an AMD 3600 CPU with an Nvidia RTX 3060
GPU. Figure 5.7a shows the images input into DRANet to be generated for domain
transfer. Figure 5.7b showcases Gram loss and is the original style loss used in the
original DRANet [36]. The results from using Gram loss are excellent and provide a
baseline for comparing the other style losses. Figure 5.7c showcases the SWD style loss

from the same feature layers from the perceptual network VGG-19. The results from
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using this style loss have better and clearer content results than the Gram style loss.
The purpose of using SWD loss is to enforce the generated image to exhibit similar
stylistic features as the target image. However, upon inspection of the content, using
the SWD loss causes some of the content features, the numbers in the MNIST dataset,
to not be transferred. This behaviour makes this style loss unsuitable. Figure 5.7d
showcases the effects of using the SWD loss of the Gram matrix. This style loss is
intended to capture more soft features. This loss has the same higher content clarity
as the SWD method previously but without the content transfer issues. This loss is
intended to strike a balance between Gram and SWD style loss. This loss struggles
to transfer the styles in these images and has noticeably worse results than using just
Gram style loss. Overall the style loss that led to the best image quality was Gram

and was used for the domain adaptation of the pop can datasets.

5.3.5 Content-Adaptive Domain Transfer

Style transfer can struggle with complex scenes and features. This is particularly
evident when the images have different scene structures and object compositions [36].
This is particularly evident in trying to adapt the synthetic scene to the real-world
scene. The effect from style transfer struggling is shown by ghosting artifacts between
datasets this is shown in 5.8a. Content-Adaptive Domain Transfer (CADT) aims to
solve this by searching the target features for content components most similar to
the source features and then reflecting style information from more suitable target

features. This is achieved by using a content similarity matrix H.,o-

Cii - Cu
Hoow = 0row(Cx -Cy)=| = . 1 |, Cx,Cy e RPN (5.17)
Cor -+ Cpp
Orow 18 a softmax in the row dimension, the size of content factor Cx is defined

by batch size B and feature dimension N. This matrix is used to create the content-

adaptive style feature described in the following equation:

SAY = HmwSy, where Sy c RBXN (518)

Content-adaptive style transfer can be applied in the opposite direction by using

the column direction and the following equation:



(a) Input images from MNIST and MNIST-M

(b) Converted images using gram style loss G(I)

(c) Converted images using SWD style loss SWD(I;)

(d) Converted images using gram and SWD style loss SWD(G (1))

Figure 5.7: Analysis of style loss functions

o6
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Hcol = (Ucol<CX : C;))T (519)

The results using CADT stylistically are much better, with ghosting artifacts
removed. A comparison of results generated with and without CADT is shown in
Figure 5.8. The images generated with CADT show much better style transfer and
a better understanding of the content of the image as well. Images generated with

CADT are shown in Figure 5.8b.

5.3.6 Training and Results

In the original implementation of DRANet, the classifier is trained at the same time
as the GAN network. In this implementation, these networks were trained separately.
The GAN network was trained first and all the images were generated and saved. The
classifier was then trained on the saved converted images.

DRANet was initially trained for 600 steps on both the black background and BG-
20k background datasets without CADT using a regular discriminator. This was done
to evaluate which dataset produced better-quality images. The resulting converted
images can be found in Figure 5.9. Overall, DRANet generates better images using
the dataset with the black background. The black background image has captured
most of the content and has fewer ghosting artifacts. The BG-20k conversion has
issues with ghost images from the BG-20k dataset in the background as well as the
can from the real-world dataset being mixed in. The images converted from the black
background dataset show much better style and domain transfer.

This result can be explained by referencing the principal component analysis
(PCA) visualization from Figure 4.9 in chapter 4 comparing the datasets. The black
background has a closer distribution within its dataset compared to BG-20k. This
makes the processes of understanding the content and style much simpler for DRANet
leading to improved generated image quality. The much wider distribution that the
BG-20k pop can dataset is more difficult for the network to understand for domain
adaptation.

For the final iteration of training, DRANet was trained with CADT and a Patch-
GAN discriminator. It was trained for 2000 steps using the Adam optimizer with
a learning rate of 0.001, a decay rate of 0.95 every 600 steps and a batch size of
2. In each step, the network takes an input batch and the parameters are updated.

The results of the training are shown in Figure 5.10. Using the input images from
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(a) Converted synthetic images without CADT

(b) Converted synthetic images with CADT

Figure 5.8: Impact of content-adaptive style transfer between synthetic and real-world
datasets
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(a) Converted images using pop can black dataset

(b) Converted images using pop can BG-20k dataset

Figure 5.9: DRANet converted images from black and BG-20k backgrounds from
training step 600
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the black background and real-world datasets in Figures 5.10a and 5.10b DRANet
was effectively able to discover the content and styles of the images. The converted
images in Figures 5.10e and 5.10f have excellent results. While the background of
the synthetic cans isn’t very high quality, the content transferred is excellent. The
background is the synthetic converted images is a decent attempt at transferring the
surface the cans are placed on from the real-world dataset. The black background
from the synthetic dataset is applied to the background of the real-world dataset well
and shows excellent style transfer. Overall the converted image quality from DRANet
is excellent and shows a great understanding of the content and style of the images.
The reconstructed images in Figures 5.10c and 5.10d are very similar to the original
which shows that DRANet is performing well.

Only the converted images from synthetic to real are used for creating the gener-
ated dataset and further classification. However, in different applications or circum-
stances, the real-world images converted to synthetic could be used as well.

The PCA visualizations shown in Figure 5.11 show that DRANet was effective
at capturing the real-world dataset and was successful in its domain transfer task.
Figure 5.11a shows the PCA visualization of the domain transfer from the synthetic
black background images into the physical real-world dataset. The generated images
capture the physical distribution well and validate DRANet’s effectiveness in domain
transfer.

Figure 5.11b compares the generated distribution to the previously discussed
dataset that uses backgrounds from BG-20k. In this visualization, the generated
dataset very closely matches the real-world dataset and does a better job of captur-
ing the real-world dataset.

The VGG-16 classifier was trained on the generated images for 15 epochs using
the stochastic gradient descent (SGD) optimizer. The learning rate was set to 0.005
and a batch size of 32 was used. Table 5.1 summarizes the performance metrics
for the VGG-16 classifier on the synthetic and real-world datasets and provides a
comparison to the best results from chapter 4. The confusion matrices shown in
Figure 5.12 provide a breakdown of the results for the deformed and non-deformed
classes. The network achieved excellent metrics evaluating only synthetic data as
shown in Figure 5.12a. However, the performance still dropped when the network
was evaluated on real-world data as shown in Figure 5.12b. This is still expected due
to the different camera angles and deformations present in the images.

The classification measures in Table 5.1 are from the best results obtained during
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(a) Input images from black background (b) Input images from real-world dataset
dataset

(c) Reconstructed images from black back- (d) Reconstructed images from real-world
ground dataset dataset

(e) Converted images from black back- (f) Converted images from real-world
ground dataset dataset

Figure 5.10: Domain adaptation results from DRANet
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training. Similar values were obtained on different training runs. The results show
a slight improvement in accuracy, a slight decrease in precision, and improvements
to Fl-score and recall in comparison to the best classification from chapter 4. The
results from DRANet provide a smaller sim-to-real gap and improved performance to
previously discussed methods. The use of DRANet was able to provide a distribution
more similar to the real world which resulted in better performance. DRANet is

shown to have the best performance of all methods discussed in this thesis.

Table 5.1: DRANet Comparative Performance to Best Data Augmentation

Motrics Synthetic dataset Sim-to-real
Generated BG-20k | Generated BG-20k
Accuracy 0.985 0.955 0.759 0.755
F 0.987 0.955 0.649 0.550
Recall 0.991 0.997 0.817 0.550
Precision 0.983 0.917 0.538 0.550
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Figure 5.12: Confusion matrices for comparing DRANet performance

5.4 Discussion

Comparing the generated images from a GAN (section 5.1), CycleGAN (section 5.2)
and DRANet (section 5.3) shows that the best performance from DRANet. The other
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methods struggle with understanding how to adapt the synthetic source images into
the target real-world images. The GAN network was able to produce images that
still contained the pop can, the image quality was quite blurry and the background
was a poor attempt at creating the target background that contained elements from
the source background. The CycleGAN network produced images that copied the
style of the background quite well but had a very negative effect on the content of
the pop can. The cans in the images produced very loosely resemble their original
look and the reconstruction doesn’t match the original image. DRANet produced
images where the content is clear and matches the content of the source images. The
backgrounds in the generated images are a decent attempt at recreating the target
background but are worse than the background produced by CycleGAN. Additional
efforts to improve the background style transfer would improve the images generated
by DRANet. A possible avenue for improving this would be using SWD for the style
loss and adding additional parameters to ensure the content isn’t affected.

The classification results using the images generated from DRANet are much im-
proved in comparison to the results from the generalization methods. Generalization
methods can be good for a variety of domains however, there is a cost for that gen-
eralization in terms of F'1 score and other metrics. The results from all methods are
shown in Table 5.2. The generated images from DRANet provide the best metrics in
comparison to all methods discussed in this thesis. The results are particularly im-
pressive when considering the sim-to-real results of its source dataset with the black

background with much-improved accuracy, Fl-score and precision.

Table 5.2: Classification Measure of all Methods

Metrics Synthetic dataset Sim-to-real
Generated Black BG-20k | Generated Black BG-20k
Accuracy 0.985 0.998 0.955 0.759 0.450  0.755
F 0.987 0.998 0.955 0.649 0.485  0.550
Recall 0.991 1.0 0.997 0.817 0.950 0.550
Precision 0.983 0.997 0.917 0.538 0.326  0.550
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Chapter 6

Conclusions and Future Work

6.1 Conclusions

The primary contribution of this thesis has been designing, implementing and val-
idating a pipeline for creating and using synthetic data for sim-to-real deformation
detection. Chapter 2 introduced the background and information relevant to this the-
sis including deformation detection in manufacturing, deformation detection methods,
synthetic data generation, data augmentation and domain adaptation. These topics
cover the core concepts behind the research achieved in this thesis.

Chapter 3 focused on the generation of synthetic data in Blender using Blend-
Torch [11]. With the use of expert knowledge, realistic macro deformations were
created using a lattice deform modifier, and surface deformations were created using
a hard Stucci displacement modifier. Using BlendTorch, an interpolation between
these shape keys can be controlled to create high-quality procedural deformations.
Additionally, shading tools were used to create realistic surface material properties
and procedural lighting, improving realism. Post-processing such as noise injection
and setting backgrounds were used to finalize the produced synthetic datasets.

Chapter 4 explored and evaluated the using the synthetic using traditional ma-
chine learning (ML) techniques. Using the Suzanne dataset and a basic convolutional
neural network (CNN) classifier, a network was able to be trained and have high clas-
sification accuracy able to withstand noise injection. A full sim-to-real analysis was
completed using both the solid black and BG-20k [37] background soda can datasets.

Chapter 5 implemented and trialled three generative adversarial networks (GANs)

for domain adaptation. A traditional GAN, CycleGAN and disentangling representa-
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tion and adaptation networks (DRANet) were implemented and the generated images
were evaluated. DRANet showed better performance in unpaired image translation
for converting the synthetic data for sim-to-real transfer in comparison to the other
networks. The generated dataset from DRANet was classified and evaluated. An
analysis comparing the results to those in chapter 4 shows improved results and is
effective in its goal of crossing the sim-to-real gap.

The results from this research show the proposed pipeline is effective for using
synthetic data to classify real-world deformations. The implications of this system can
be to improve quality assurance processes in industrial and manufacturing settings,
especially in circumstances where dataset collection is expensive, difficult to produce,

or costly.

6.2 Future Work

The results discussed in this thesis show clear effectiveness in solving sim-to-real

deformation detection, there are a few avenues for improvement:

e Improved Blender Deformation Simulations
Improvements to the environment for closing the sim-to-real gap could be made.
In this paper, only 12 different deformations were used. Additional and higher-
quality deformations would improve classification accuracy and improve each
network’s understanding of the classification object. Additionally, the envi-
ronment could be changed to allow more changes to the camera positioning.
Improving the dataset by allowing the object to not always be in the center
of the image could help improve how the robustness of the resulting network.
Additional lighting environments and more accurate material shaders could be
used to improve the data generation quality. If finer detail analysis is required,
depth sensing using a normal map in Blender and an RGB-Depth camera for

the real-world dataset could be used to improve small deformation accuracy.

e Explore Alternative Networks for Deformation Classification
The network used in both the augmentation approach in chapter 4 and the
domain adaptation approach in chapter 5 used a modified pre-trained version
of VGG-16 [60]. While this network was effective in classifying the deformations,
other networks and architectures may have improved performance and led to

better classification accuracy.
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e Improve Style Transfer in DRANet
The generated dataset results from DRANet showcased impressive performance,
however, style transfer provides the avenue for the most improvement. Anal-
ysis of Sliced Wasserstein Discrepancy (SWD) [35] for style loss showed su-
perior results in style transfer compared to the Gram loss [19] used. How-
ever, SWD caused issues that affected the content of the images generated.
Additional experimentation and improvement to the content-adaptive domain
transfer (CADT) function to accommodate SWD style loss would significantly
improve performance and image generation quality. Additional hyperparameter
tuning and fine-tuning layers in the encoder, separator, generator and discrim-

inator could improve generated image quality.
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