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Abstract

\Exploring Synthetic Image Generation for Training Computer Vision
Models under Data Scarcity”
Enric Moreu

This thesis presents research conducted in the area of synthetic data generation
for computer vision tasks. The research aims to address the challenge of data-
hungry deep learning models by generating synthetic images that can e ectively train
computer vision models to solve tasks such as object counting, polyp segmentation,
and pattern classi cation. The work carried out explores the use of various techniques
to ensure e ective use of synthetic data, including domain randomisation and domain
adaptation in both self- and semi-supervised setups. Through the application of
these techniques, the research aims to develop a robust and e ective approach for
generating synthetic data that can improve the performance of computer vision
models with a reduced amount of human annotations.
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Chapter 1

Introduction

1.1 Computer Vision Applications

Computer vision is a well-established but rapidly growing eld that enables computers
to interpret and understand visual data from the real-world. This includes tasks
such as classi cation, detection, and segmentation, among others (see Figure 1.1).
The rise of computer vision has been driven by factors, including the availability of
large amounts of data, the development of powerful machine learning algorithms,
and the increasing ability of computers to process data e ciently. The applications
of computer vision are diverse and range from consumer applications, such as those
used in image and video search engines, to more specialised uses in industries such
as healthcare, manufacturing, and security. As the eld of computer vision continues
to grow and evolve, its applications are likely to become even more widespread and
impactful.

In this section, a formal introduction to some relevant tasks within computer

vision [3], including classi cation, detection, segmentation, and counting is provided.

1.1.1 Classi cation

Given a classi cation datasetD comprising pairs §;; ¢) where x; denotes an image

and ¢ represents the class label, a model determines the category or class of the

1



CHAPTER 1. INTRODUCTION

Figure 1.1: Object instance segmentation sample from He et al. [1]. The algorithm
us applied on an image from the COCO dataset [2].

entire image. For instance, if we're classifying images like 'cat' and 'dog’, the output

for an imagex; would be either 'cat' or 'dog":

¢ 2 f'cat';'dog'g

Chapter 6 is focused on the classi cation task for fashion pattern classi cation

using synthetic data. Synthetic images and labelx(; ) are used to train the model.

1.1.2 Detection

In the context of object detection,D consists of pairs X;; B;), wherex; is an image
and B; is a set of bounding boxes with corresponding class labels. The aim is to
identify and localize multiple objects within the image. Given an imagg;, the model

predicts bounding boxedy and their associated class labels:

Bi = f(3;G)jh is the bounding box andg is the class label for thg ™ object in x;g

2
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This allows the model to detect and classify multiple entities within a single

image, providing spatial information about where each entity is located.

1.1.3 Semantic segmentation

In semantic segmentationD comprises pairs X;;y;) of images and segmentation
masks. The objective is to predict a label for each pixedi(”;m), its corresponding
(n;m)

label y; would belong to one of the prede ned categories, such as 'car’, 'tree’,

'road’, etc.:

(

Y "M) 2 f'car';'tree’;'road’;:: g

The primary goal is to segment the image based on semantic meaning, di erenti-
ating between distinct object classes and the background. Chapters 3, 5, and 5 are

focused on the semantic segmentation task for colorectal polyps.

1.1.4 Instance segmentation

Instance segmentation can be considered an extension of semantic segmentation.
While semantic segmentation predicts a class label for each pixel, instance segmenta-
tion also di erentiates between distinct instances of the same class. Givénhwith

pairs (Xi; z), a model predicts not just the class label but also an instance identi er
for each pixel. For instance, two cars in an image would have the same class label

‘car' but di erent instance identi ers:

2™ = (y"™; i)

(nim)

Wherey:

is the class label andi4 is the instance identi er. This distinction
allows for understanding both the kind of object and its unique occurrence in an

image.
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1.1.5 Object counting

Object counting is the task of quantifying the number of speci c objects present
within an image or sequence of images. Givéh with image and object pairs &;; O;),
whereX; represents an image an@; is a set of object instances, a model aims to

determine the cardinality of O;, denoted agO;j for each image:

8x; 2 D : Count(x;) = jOij

Unlike detection, where the spatial positioning of each object is of primary concern,
or segmentation, which focuses on delineating the precise boundaries of objects,
counting emphasizes the quanti cation of instances. It's particularly challenging in
scenarios where objects overlap or are densely packed, making individual distinction
di cult. Chapter 2 is focused on the object counting task for people, vehicles, fruit,

and animals.

1.2 Convolutional Neural Networks

Building upon the foundations of computer vision, it's important to note that its
recent advancements have been largely fuelled by the emergence of Convolutional
Neural Networks (CNNs) [4]. These are a speci c type of neural network designed
to process data with a grid-shaped structure, such as images.

CNNs contain multiple grid-shaped layers of interconnected nodes or neurons.
These networks can learn representations of data in a layered hierarchy, with higher
layers capturing more abstract and composite features. The depth of these networks,
meaning the number of layers, has played a crucial role in their ability to perform

complex tasks. The operation of a neuron in a layer can be described as:

I
X !
y=1f WiXj + b

wherex; are the input values,w; are the weights,b is a bias term, andf is an

4
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activation function such as the recti ed linear unit [5]. The combination of these
simple mathematical operations across numerous neurons and layers enables the
network to model complex non-linear relationships.

In the context of a two-dimensional image, a convolution involves the use of a
Iter or kernel to slide over the image. Given an image matrix and a Iter matrix

F, the convolution operation for a speci ¢ position is computed as:

(C F)(x;y)=_ 1)) F(x By )

Where (C F)(x;y) is the output feature map after the convolution operation.
The lter, usually a small matrix, identi es certain features from the input matrix
based on how it's trained.

Training a deep neural network involves the use of algorithms like backpropagation
[6]. Given a dataset, the network makes a prediction, and the error between this
prediction and the true label is computed using a loss function. Backpropagation,
combined with optimisation techniques such as stochastic gradient descent [7], adjusts
the weights of the network to minimize this error.

One of the main reasons that CNNs are so e ective is that they can automatically
learn the features that are relevant for a given task, rather than requiring the features
to be manually designed by a human. This is useful for tasks where abstract features
that are important for the application are hard for a human to de ne. Additionally,
CNNs can take advantage of the spatial structure of the data, which is important
for tasks such as object recognition, where the relative position of the objects in the
image is important.

However, there are some challenges associated with CNNs. They require a large
amount of data to be trained e ectively. This can be a problem because it can
be dicult and time-consuming to collect and annotate large amounts of data,
especially for tasks that require specialised knowledge or expertise, such as medical
imaging. In addition, using large amounts of data raises privacy concerns, as it may

be di cult to ensure that personal data is protected when it is used for training a

5
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CNN. Furthermore, the performance of a CNN can vary depending on the quality
and diversity of the data, so it is important to curate the data used for training
carefully. For example, when training a vision model for a self-driving car, it is

equally important to use images with cloudy weather and sunny weather.

1.3 Synthetic data

Synthetic data is any sample that is not obtained by direct measurement in the
physical world. In the context of computer vision, synthetic data can be generated
using software that produces images that bear a resemblance to real-world images (see
Figure 1.2). The use of synthetic data can help to solve some of the above-mentioned

challenges associated with training CNNs.

Figure 1.2: Sample from the GCC synthetic dataset [8] generated using a game
engine.

One of the key bene ts of using synthetic data is that it can be generated in
large quantities. This allows CNNs to be trained on a much larger amount of data
than would be possible using real-world data alone. In addition, synthetic data
does not require any sensitive or private information during its generation. Hence,
synthetic datasets can ensure that no personal information is used to train the
model. Furthermore, because synthetic data is generated using algorithms, it can be

generated with a wide range of random variations, allowing CNNs to be trained on

6
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diverse and varied data sets. This can help to improve the performance of the CNN,
as it will be better able to handle a wider range of inputs.

Last but not least, synthetic data can be automatically annotated during the
synthetic data generation process. This is important because one of the challenges
of training CNNs is the need for large amounts of annotated data, which can be
time-consuming and labour-intensive to produce. By using synthetic data, the
annotations can be generated automatically, which can save time and e ort. For
example, a human annotator can spend up to 7 minutes [9] to annotate all the pixels
in an image while a rendering engine can do this in less than a second and in an

error-free manner.

1.3.1 Domain shift

While synthetic data can be useful for some purposes, it is not always useful for
computer vision tasks. One of the reasons for this is the \domain shift", also referred
to as \domain gap" or \reality gap".

Domain shift is a problem that arises when the distribution of data in the training
set di ers from the distribution of data in the test set. This can reduce performance
because a model that is trained on one distribution of data may not perform well
on a di erent data distribution. In the context of synthetic data, domain shift can
be a problem because synthetic data is often generated under controlled conditions,
which can result in a distribution of synthetic data that di ers from the distribution
of real-world data. As a consequence, the computer vision model won't be able to
generalise properly because it will be biased by the synthetic data. For example, if a
model is trained on synthetic data that has been generated to have perfect lighting
and clear shapes, it may not perform well on real-world images that have low lighting,
noise, or blur { see Figure 1.3 for a comparison of a real and a synthetic image of an
urban environment.

Domain shift is a well-known problem in computer vision, and there are a variety

of techniques to overcome it, such as transfer learning or data augmentation. This
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Figure 1.3: Comparison of real-world image from the Cityscapes dataset [9] and
synthetic image from the Synthia dataset [10].

thesis studies how domain randomisation and domain adaptation techniques can

reduce the e ects of domain shift when training on synthetic data.

1.4 Literature review

1.4.1 Deep Convolutional Networks

The concept of a neural network can be traced back to the perceptron model
introduced in the late 1950s by Rosenblatt et al. [11]. However, it wasn't until the
advent of powerful computational hardware and large datasets that deep learning
truly began to ourish in the 2010s with AlexNet [12].

An important advancement in deep learning was the introduction of regularisation
techniques, like dropout [13]. Dropout involves randomly setting a fraction of input
units to 0 at each update during training, preventing over tting and leading to a
more robust network. This form of regularisation was essential in ensuring that deep
networks generalize well to unseen data.

Another cornerstone in the evolution of deep learning is transfer learning [14],
where a pre-trained model on a large dataset is ne-tuned for a speci c task with a

smaller dataset. This technique leverages the generic features learned by the model,
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reducing the need for large labelled datasets and computational resources in diverse
applications.

Deep learning, underpinned by these concepts and advancements, has become
the bedrock of numerous applications, from computer vision and natural language
processing to medical diagnosis and autonomous driving. Its capacity to extract
intricate patterns and representations from vast amounts of data has continually
pushed the boundaries of what machines can perceive and achieve.

One signi cant advancement in CNNs has been the inception of skip connections
[15]. In deep networks, training becomes challenging due to the vanishing and
exploding gradient problems, which can stagnate learning or even make it counter-
productive. Skip connections tackle this by providing an identity shortcut connection
that bypasses one or more layers. This approach not only alleviates the gradient
issues but also allows for the training of much deeper networks.

Another major enhancement has been the utilisation of dilated convolutions [16],
which can increase the receptive eld of the network without increasing the number
of parameters or computational costs. Dilated convolutions expand the kernel by
introducing gaps, enabling the network to capture a broader context without the need
for pooling or increasing the convolutional kernel size. This has been particularly
useful for segmentation tasks where ne-grained spatial details are imperative.

In addition to these improvements, the application of normalisation techniques,
like batch normalisation [17], has revolutionised training dynamics. By normalising
the activations of each layer to maintain a mean of zero and a variance of one, batch
normalisation not only accelerates training but also mitigates the internal covariate
shift, which refers to the change in the distribution of network activations due to the

changing parameters during training.

1.4.2 Synthetic datasets for computer vision applications

Since the early days of computer vision, synthetic datasets have been used to avoid

gathering and annotating images from the real-world. This section reviews di erent
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