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Abstract

Retinal fundus imaging is a modality that’s quick and easy to obtain, however its usefulness
is limited by the availability of human graders. With advancements in deep learning, data-
driven models may facilitate the process of diagnosis, alleviating this bottleneck. Despite
this, training robust machine learning models requires manually annotated labels en-masse,
which are costly to obtain, and remains to be one of the primary obstacles in producing
generalisable models. This challenge can be viewed in two aspects: the scarcity of manually
annotated ground truths such as lesion segmentation maps, and class imbalance in available
datasets. Both of these can be seen in datasets designed for classification and segmentation
tasks related to diabetic retinopathy (DR).

In this project, we propose a novel two-step process for generating photo-realistic fundus
images conditioned on synthetic “ground truth” semantic labels. First, synthetic semantic
labels for retina structures and lesions are generated from random noise, conditioned on
DR severity. These are then subsequently used to condition an image-to-image translation
model to create the final retinal fundus image. We compare the performance of these
sophisticated generative models against a simple data augmentation method.

We go on to demonstrate its potential to improve performance on downstream tasks in
classifying and segmenting diabetic retinal fundus images.
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Chapter 1

Introduction

1.1 Motivation

Diabetic retinopathy (DR) is an eye disease that commonly arises as a complication of
diabetes. It is estimated that by the year 2045, 693 million people worldwide will be
diabetic. Of these, nearly all of those with type 1 and two-thirds of those with type 2
will be su ering some degree of retinopathy within 20 years of receiving their diagnosis [1].
Despite DR being preventable with early detection and intervention, this is made di cult

by the fact that the early stages of DR show no symptoms and may only be identi ed by
screening. However, the scalability of mass screening is severely limited by the availability
of medical professionals, causing DR to remain the leading cause of blindness in the UK [2].
Currently, diagnosis requires manual inspection of retinal fundus images for the presence of
abnormalities. This is a time-consuming and error-prone process for ophthalmologists who,
even when available, have been shown to be inconsistent [3]. For this reason, automated
and semi-automated techniques for DR diagnosis have been a popular topic of research,
going back as far as 1984 [4]. As more sophisticated and powerful methods are developed,
we come ever closer to accessible screening &t susceptible individuals.

The presence of DR is characterised by the formation of lesions on a patient's retina, the
type and quantity of which indicate the severity of the disease. Grading (i.e. classifying)
the progression of diabetic retinopathy that a patient exhibits allows for the most e ective
and timely treatment to be given. Moreover, the ability to identify the precise locations of
these lesions and distinguish them from the healthy parts of a retina ensures that the most
appropriate and interpretable diagnosis possible can be provided, as well as having uses
in aiding surgical procedures. These two classi cation and semantic segmentation tasks
are the two major research interests at the intersection of machine learning and diabetic
retinopathy treatment.

Developments in deep learning over the past decade have sparked a number of break-
throughs in the eld of medical imaging [5]. Deep neural networks provide state-of-the-art
models across a variety of domains and continue to show even greater potential. These in-
novations are fuelled by greater quantities of data, allowing models to generalise to unseen
examples. It is this insatiable hunger for data that presents one of the primary obstacles
in automated DR diagnosis, as large-scale, annotated datasets are scarce.

An easy way to improve data diversity is by applying classical data augmentation tech-
niques such as re ections, crops, rotations, and colour perturbations. However, these meth-
ods produce images that are highly correlated, and ultimately limited in their diversity. A
more advanced method of image simulation has been to hand-craft complex mathematical
models representing the anatomy of the eye, from which images can be sampled. More
recently, with the rise of data-driven techniques, we have seen a paradigm shift away from
this top-down approach to a bottom-up approach of learning the data distribution directly
from the data itself. This has been made possible by the introduction of Generative Ad-
versarial Networks (GANs). The aim of this project is to leverage these generative models,
as well as other data augmentation techniques, to produce realistic synthetic training data
in large volumes.



Achieving large-scale data generation with arbitrary labels would yield signi cant improve-
ments in the ability of neural networks to both semantically segment retinal fundus images,
as well as assign image-level grades. Ultimately, with enough high-quality synthetic data,
deep learning models are poised tsurpass human ability in diagnosing DR from fundus
images. This project represents a step towards the goal of fully-automated retinal screen-
ing for the detection of diabetic retinopathy, by presenting methods to combat the scarcity
of data.

1.2 Objectives and Challenges

The aim of this project is to investigate whether it is feasible to enhance the performance
of DR diagnosis models by training on synthetic data. This can be summarised by the
following objectives:

1. Establish and compare methods for the generation of synthetic retinal fundus images
that are:

(a) conditioned on DR severity; and
(b) paired with segmentation maps.
2. Investigate how training on synthetic data can a ect the performance of:
(a) lesion segmentation models; and
(b) severity classi cation models.

While there is an established body of work on using generative models to create natural-
looking images, their use in generating synthetic training data and in particular semantic
labels remains nascent. The absence of a large body of literature introduces more un-
knowns into determining the success of this project.

Somewhat ironically, the scarcity of existing data makes it di cult to train e ective models
to generate further, synthetic data. Motivated by this, we will examine both a learning-
based method, as well as a naive , heuristic-based method.

Lastly, large, unstable models and limited access to hardware mean that we must be
extremely economical with the experiments we choose to run, making tuning di cult.

1.3 Contributions

This work's main contributions are:

Exploratory Data Analysis
We begin by providing a survey and analysis of datasets for training such generative
models in Chapter 4. The goal of this is to expose any biases present in the data,
which may inform future work. As an additional contribution, we provide new manual
optic disc annotations for several datasets.

Semantic Synthesis of Diabetic Retinal Fundus Images
In Chapter 5, we present novel methods to generate synthetic semantic labels, condi-
tioned on DR severity, thereby providing downstream tasks with both segmentation
maps and DR severity information. We go on to translate these semantic labels into
realistic retinal fundus images in Chapter 6, creating pairs of semantic labels and
fundus images. We provide insights on how existing techniques must be adapted for
this domain, building on the existing literature.
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Evaluation of Synthetic Data on Downstream Tasks
Finally, in Chapter 7 we compare and contrast di erent approaches to training on
synthetic data for various downstream tasks in order to evaluate the viability of
generated images as a means of data augmentation.

1.4 Publication

A preliminary version of this work was accepted as a short paper to MIDL 2021. Its
ndings, and impact on this version of the project are discussed brie y in Section 7.1.



Chapter 2

Background

In this chapter, we provide the necessary preliminary concepts to understand the problem
domain and current state-of-the art in image generation. We assume that the reader has
prior knowledge of the basic concepts around arti cial neural networks and their training.

2.1 Diabetic Retinopathy

Diabetic retinopathy is damage to the blood vessels of the retina caused by high blood
sugar levels. The level of damage, and hence the stage of DR, can be determined by
identifying and categorising di erent types of lesions on the patient's retina. A description

of the appearance of major lesion types is given as follows [6]:

Microaneurysms (MA)
Small red round dots caused by weakness in the vessel's walls.

Haemorrhages (HE)
Larger spots on the retina.

Hard exudates (EX)
Bright yellow spots caused by the leakage of plasma.

Soft exudates (SE)
White spots caused by swelling of nerve bre. Also known as cotton wool spots .

Intraretinal microvascular abnormalities (IRMA)
Abnormally shaped blood vessels. Usually a precursor to neovascularization.

Neovascularization (NV)
Abnormal growth of new blood vessels. Similar in appearance to IRMA, but tend to
be ner and show signs of blood leakage.

Examples of each type of lesion, and the optic disc, are labelled on a colour fundus pho-
tograph in Figure 2.1. Note that, while other imaging techniques such as uorescein an-
giography or optical coherence tomography (OCT) are possible, we are interested in only
colour fundus photographs. They are key in scaling DR screening, being low-cost, easy to
obtain, and o ering the option of a remote ophthalmologist examination via a telemedicine
platform [7]. At the intersection of machine learning and DR detection there are a number
of distinct, but related, research areas:

Image-Level Grading
To identify a DR severity grade for a fundus photograph. This can be according to
the the international disease scale (summarised in Table 2.1), or a more coarse scale
which combines several stages e.g. healthy, referred, diseased. For example, see [8].
This task is di cult due to inter- and intra-grader variation, which causes datasets
to be noisy.

Pixel-Level Segmentation
To perform semantic segmentation of the retinal structure (blood vessels, optic disc)
and/or lesions. For example, see [9].



Figure 2.1: A retinal fundus image annotated with the optic disc as well as six types of
lesions: hard exudates (EX), haemorrhages (HE), microaneurysms (MA), soft exudates
(SE), neovascularization (NV), and intraretinal microvascular abnormalities (IRMA).

Computer-Assisted Diagnosis
To generate attention maps for suspicious areas, to be reviewed by a ophthalmologist.
For example, see [10].

Image Synthesis
To generate synthetic retinal fundus photographs. These could be conditioned on,
for example, vascular structure or DR grade. This task is the subject of this project,
and related work is discussed in greater detail in later sections.

Severity Characteristics

No apparent retinopathy No abnormalities

Mild NPDR Microaneurysms only

Moderate NPDR More than just microaneurysms but less than severe NPDR
Severe NPDR Any of the following and no signs of PDR:

> 20 intraretinal haemorrhages in all 4 quadrants
~ Venous beading in 2 quadrants
~ Intraretinal microvascular abnormalities in 1 quadrant
PDR One or both of:
Neovascularisation
" Vitreous/preretinal haemorrhage

Table 2.1: The International Clinical Diabetic Retinopathy Disease Scale [11].
NPDR = non-proliferative diabetic retinopathy; PDR = proliferative diabetic retinopathy.



2.2 Generative Adversarial Networks

A Generative Adversarial Network (GAN) is a machine learning framework introduced by
Goodfellow et al. in 2014 [12] consisting of two neural networks in adversarial competition.
The generative modelG creates candidate images that look as real as possible, while
the discriminative model D attempts to distinguish between real and synthetic images.
Training continues until the discriminator can no longer tell which inputs are fabricated by
G and which are real. In this senseG and D are trained adversarially. From this, we can
derive the adversarial loss function by taking the cross-entropy of the real and generated
samples:

Lean = Ex[logD (x)] + E;[log(1 D(G(2))] (2.1)
This yields the corresponding objective function:

me mgleGAN (2.2)

where D (x) is the discriminator's estimate that X  pgata IS real; G(z) is the generator's
output when given random noisez  p;; and D (G(z)) is the discriminator's estimate that
a fake instance is real. The discriminator will attempt to maximise this loss, whilst the
generator attempts to minimise it. In practice, this happens in alternating phases, keeping
the generator xed when updating the discriminator, and vice versa. This means that the
discriminator and generator can have di ering loss functions instead of strictly adhering
to the joint de nition in Equation (2.1).

The versatility of GANs has enabled them to be applied to a plethora of problems includ-
ing semantic segmentation and text generation, but their rst and primary use is image
synthesis. The vanilla GAN design is far from perfect, however, and as such there has been
an explosion of GAN variants since their initial introduction, making incremental improve-
ments over each other. In the following sections, we examine a selection of extensions and
variants that are relevant to this project.

Note that, while | have attempted to disentangle developments in GAN research over time
by introducing these concepts in a coherent order, research does not always progress in
a straight line, and new techniques do not always incorporate all the ideas of previous
techniques. Refer to Figure 2.2 for a holistic overview of how the discussed concepts relate
to each other.

2.3 Improving GAN Training

Training GANSs is known to be unstable, di cult to make converge, and prone to issues
like mode collapse. There have been a number of attempts to address these problems.

2.3.1 Modi ed Minimax Loss

In their original paper, Goodfellow et al. describe an issue with the original loss formulation
where G fails to gain any traction in the early stages of training, and therefore never even
begins to converge. This is due toD being able to easily reject to the output of G,
which causes the gradients to be extremely small. To mitigate this, the authors propose
to maximise logD (G(z)) instead of minimising log(1 D(G(z)) as in Equation (2.1) i.e.
the generator loss (denoted by superscripG) becomes

Lgm = D(G(2) (2.3)



Figure 2.2: Concept map of discussed techniques and how they relate to one another.

However, even this loss function is prone to vanishing gradients, and as a result other types
of adversarial losses such as Wasserstein and Hinge loss have also been proposed. These
alternatives aim to provide consistently strong gradients throughout training.

2.3.2 Feature Matching Loss

Even with the above modi cation, GANs can still fail to converge (i.e. the generator and
discriminator fail to reach a Nash equilibrium). This is because when the one network gets
closer to the equilibrium, it can cause the other to move further from the equilibrium. This
oscillation can increase over time, causing divergence. To address this, in 2016 Salimans et
al. proposed a modi cation to the loss function called the feature matching loss [13]. In this
scheme, instead of asking the generator to directly match the output of the discriminator,
we ask it only to match some statistic of the real data. These statistics are retrieved from
an intermediate layer, i, of the discriminator, denoted by D ():

LEw = ExDO(x)] E[DO(G(2))] (2.4)
wherek k is some norm, usuallyL; or L.

2.3.3 Perceptual Loss

Perceptual loss, closely related to feature matching los$, refers to the idea of de ning a
loss function in terms of a separate network in which image features are encoded [17].
We take the loss as the distance between the two feature representations.

L= FOMX) FO(G(2) (2.5)
It has been shown that, in convolutional neural networks, perceptual losses measure the

similarity of images in a more robust manner compared to per-pixel losses [15]. A popular
choice for networkF, called the perceptual network, is VGG.

1This has also been called the content representation loss [14] and feature reconstruction loss [15] in
the literature.

2The distinction between feature matching and perceptual losses is not entirely clear, with some pub-
lications even using terms interchangeably [16]. Here, we will use feature matching loss to refer to
Equation (2.4) and perceptual loss to refer to Equation (2.5).
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2.3.4 Batch Normalisation

During training, the distribution of the inputs into any given layer will constantly be
changing as the parameters of preceding layers change a phenomenon known as internal
covariate shift . This means that the current layer must keep readjusting to ever-changing
distributions. With deeper neural networks, this e ect is ampli ed as changes in scale
propagate down the layers. Therefore, in order to keep training stable it is necessary to
use lower learning rates, causing training to be slow overall. To address this, lo e and
Szegedy proposed a method called batch normalisatidn When applied to a particular
layer, the input of said layer is re-centred (to zero mean) and re-scaled (to unit standard
deviation) across the batch and spatial dimensions for each channel [18]. This allows for
the use of larger learning rates since we do not run the risk of exploding gradients, which
in turn enables faster training overall.

This normalising step means that the layer's activations will be una ected by changes
in scale in previous layers. However, the authors point out that by normalising a layer
we may change what the layer is capable of representing. To restore the representational
power of the layer, we nowdenormalisethe normalised activations by performing an a ne
transformation using learned parameters. Note how this transformation is still independent
of the distribution of activations in previous layers.

Formally, consider a batch of feature mapsX 2 RN ¢ H W _we can compute the mean
and standard deviation for each channet as

LN W
o(X) = X nchw (2.6)
n=1 h=1 w=1

N
U
o o

Knehw  o(X))? (2.7)
n=1 h=1 w=1

Then the batch transform for each element is given by

X nchw c(x) +
o(X) ¢

where ; 2 RC are the per-channel transformation parameters.

BN . (Xnchw) = ¢ (2.8)

2.4 Image Synthesis

This section establishes variations on GANs that establish the current state-of-the-art in
image synthesis.

2.4.1 Hierarchical GANs

The original paper detailing GANs by Goodfellow et al. uses the MNIST dataset as a
demonstration of the capability of GANs. These images are very low-resolution, at just
28 28pixels, due to the fact that the original approach did not scale well to high-resolution
images.

In classical computer vision, the concept of a Laplacian pyramid on which Iters can operate
on multiple di erent scales is well established [21]. Extending this idea to GANs, one of
the rst attempts at improving high-resolution image synthesis was LAPGAN, introduced

3While batch normalisation has been shown to be empirically e ective, it has since been argued that
the internal covariate shift explanation does not hold water [19, 20].
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by Denton et al. in 2015 [22], where a separate generative CNN is trained at each scale.
Since then, variants on this key insight of stacking models that operate on dierent
scales has been explored thoroughly, whether it is stacking entire GANs [23], stacking only
discriminators [24], or stacking only generators [25].

In spite of these advances, high-resolution image synthesis has remained di cult due to
the fundamental fact that the increased detail makes it easier for the discriminator to
distinguish real from generated images, amplifying the vanishing gradient problem that
has historically plagued GAN training.

2.4.2 DCGAN

The di culty of scaling up a GAN with CNNs to generate high-resolution images led to
LAPGAN's alternative approach of leveraging multiple separate CNNs. Deep Convolu-
tional GANs (DCGAN) are a class of GAN architectures proposed by Radford, Metz, and
Chintala in 2015 [26]. In their paper, the authors outline a set of constraints that should
be adhered to in order to create GANs which can produce higher-resolution images, and
whose training is more stable.

" Use strided convolutions in the discriminator and fractional-strided convolutions in
the generator instead of pooling layers.

Use batch normalisation in the generator and discriminator.
Remove fully-connected layers.

Use RelU activation for all layers in the generator, except the output which should
usetanh.

Use leaky ReLU activation for all layers in the discriminator.

2.4.3 Progressive Growing GAN

Building on these ideas, progressive growing GANs (ProGAN) were introduced by Karras
et al. in 2017 [27]. The fundamental idea is that instead of training all layers at once, we
incrementally grow both the discriminator and generator during training, starting from
low-resolution images up to high-resolution images. With each additional layer that is
faded in, ner details at higher resolutions are able to be added. This allows for the stable
training of generator models that are capable of producing high-quality images.

2.4.4 Instance Normalisation

Instance normalisation is similar in concept to batch normalisation, but we just normalise
the inputs across the only the spatial dimensions for each samplkend channel. Although
batch normalisation was introduced with the intention of improving the rate of training,
in 2016 Ulyanov, Vedaldi, and Lempitsky found that just by replacing batch normalisation
with instance normalisation, the visual quality of certain image synthesis networks could
be signi cantly improved [28].
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Consider, as in Section 2.3.4, a batch of feature map$ 2 RN © H W We can compute
the mean . and standard deviation p. for each sample and channel as

(X) - X X (2.9)
nc e TYVE nchw .
\I/—IW h=1 w=1
u
Y
nc = {J AW (X nchw nc(X ))2 (2.10)
h=1 w=1

Note the di erences between this and the de nitions used in batch normalisation (Equa-
tion (2.6) and (2.7)). Then the instance normalisation transform for each element is given

by

|N; (X)= . X nchw nc(x) + . (2.11)

nc(X)

where ; 2 RC are the per-channel transformation parameters.

2.45 AdalN

Adaptive Instance Normalisation (AdalN) is a conditional extension to instance normal-
isation introduced in 2017 by Huang and Belongie [29], meaning that it uses external
information to learn the denormalisation parameters ; . In contrast, standard instance
normalisation and batch normalisation are unconditional normalisation layers. AdalN
takes a content input X and an adaptive style input Y, and aligns the mean and variance
of X with those of Y. Unlike batch normalisation or instance normalisation, its parameters
are not learned but instead adaptively computed fromY .

X nchw nc(x )
nc(X)

Intuitively, we can understand this operation as applying the style of Y to X. Despite
being rst developed for style transfer, AdalN was later adapted for a variety of other
computer vision tasks.

AdaIN(X;Y) = nc(Y) nc(Y) (2.12)

2.4.6 StyleGAN

Introduced in 2018 by Karras, Laine, and Aila, StyleGAN combines both AdalN and
progressive growing to produce high-resolution photo-realistic images. Up until now, we
have been providing a linear, feed-forward neural network generator a latent code2 Z at
the input layer. Instead, StyleGAN introduces a generator architecture in which a vector in
the intermediate latent spacew 2 W is supplied to AdalN layers after each convolutional
layer. Figure 2.3 shows this new architecture and the role of the mapping network. The
intermediate latent spaceW is learned by a mapping network, and the point in the network
at which provide w is provided is correlated with how coarse or ne the transferred features
are.

2.5 Conditional Image Generation

Having discussed the progression afinconditional high-resolution image generation, we
now turn to work done in the eld of conditional image generation. We start by looking
at how GANs can be guided to generate images of a certain class, and then at the speci c
task of image-to-image synthesis, wherein an input image (such as a semantic label map)
is transformed to an output image (such as a retinal fundus image).

13



Figure 2.3: Diagram of the StyleGAN generator architecture. Taken from [30].

2.5.1 Conditional GAN

One of the earliest extensions to the original design, a conditional GAN (cGAN) extends
the vanilla GAN by conditioning on additional information vy, allowing us to direct the gen-
eration process [31]. Consequently, the loss function previously de ned in Equation (2.1)
now becomes

Leean = Exy[logD(xjy)] + Ey;[log(1 D (G(zjy))] (2.13)

Today, there are four well-understood methods of conditioning the generator:

~

concatenation of a vector representing the label;

adding an auxiliary classi er;

using projection; and

~

conditional batch normalisation.

2.5.2 Pix2Pix

In 2016, Isola et al. introduced pix2pix, a conditional GAN for general purpose image-to-

image translation (as opposed to class-conditional image generation), capable of producing
photo-realistic images from a semantic label map [32]. First, inspired by [33], the au-

thors added a global reconstruction loss penalty to the basic adversarial cGAN objective

(Equation (2.13)), implemented using theL; norm.

Li, = Exy:z kx G(zjy)k, (2.14)

This captures the overall structure of the image, and therefore serves to prevent the gen-
erator from creating synthetic images that deviate too far from the real image. Together,
this yields the overall objective function

Lpix2pix = Lecan (G;D)+ L, (G) (2.15)

14



where is a hyperparameter that balances the contribution of the two terms.

Next, they iterate on the DCGAN generator and discriminator architectures. For the gener-
ator, skip-connections are added to the standard encoder-decoder architecture, resembling
that of a U-Net [34], used to directly share information across the network. Turning to the
discriminator, the authors identi ed that since the L1 loss from above already enforces cor-
rectness at the larger scale, the discriminator need only penalise at smaller scales. For this
reason, they opted for a patch-based CNN discriminator which calculates loss fid N
patches, whereN is smaller than the image size.

2.5.3 Pix2PixHD

While promising, pix2pix was only designed to generate images at resolutions up ®12

512 Attempting to apply pix2pix to higher resolution images resulted in unstable training,
and blurry details in the generated images. To address these issues, in 2017 Wang et al.
released pix2pixHD [35] as an extension to pix2pix.

Building on the idea of a hierarchical GAN structure, a multi-scale generator is adopted
to work on images of di erent resolutions. In their paper, the authors choose to use two
sub-networks with one acting as a global generator and the other a local enhancer .

Similarly, multi-scale discriminators operating at three di erent scales are employed. This
works slightly di erently to the multi-scale generators, since instead of having a nested
sub-network, three separate networks are used.

The adversarial loss de ned in Equation (2.15) is improved by adding a feature matching

loss. Together, we get the overall objective:
!
X X
min max Lean (G;Dk) + Em Lrm (G;Dy) (2.16)
G D1;D2:D3
k=1;2;3 k=1;2;3

The discriminator's objective is maximised over each of the discriminators, and thaDy
does not maximimiseLgy , serving only as a feature extractor. They also found that
adding perceptual loss using a pre-trained VGG network slightly improved results, but
was not critical. With the perceptual loss, we have the objective:

X
o, e (GPY
)Ezl;Z;S
+ EM Lrm (G;Dk) (2.17)
k=1;2;3 |
X !
+ pmin Lp(G;Dy)
D k=1;2;3

To enhance object edges, instance boundary maps are used.
2.6 Metrics
We introduce some more uncommon metrics that the may be unfamiliar to the reader.

2.6.1 Fréchet Inception Distance

The Fréchet Inception Distance (FID) [36] is a metric for assessing the quality and di-
versity of generated images by comparing the distribution of the images used to train the
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generator with the distribution of generated images. Speci cally, feature vectors from a
pre-trained Inception-v3 network [37] are used to build the distribution N(; ) on the
generated images, and the distributionN ( ; w) on real images. Then, we calculate the
FID score as the Wasserstein metric between these two distributions:

FID=j  wi2+t(+ w 2( w)? (2.18)

In essence, a smaller FID indicates a smaller distance between the two distributions. FID
is not without its issues [38], however it remains the most popular GAN evaluation metric
as of today.

In this work, we use Maximilian Seitzer's PyTorch implementation of the FID scorée, with
feature vectors extracted from the nal average pooling layer of the Inception network.

2.6.2 Cohen's Quadratic Weighted Kappa

Cohen's kappa, , is a metric which measures the degree of agreement between two raters
who each classifyN items into C mutually exclusive categories. =1 indicates complete
agreement, = 0 indicates random agreement, and < O indicates worse than random
agreement. It is calculated by

Po Pe
1 pe

where p, is the observed probability of agreement, andpe is the probability of random
agreement. We can also generalise this statistic to the weighted kappa, which is useful
when some disagreements are more important than others. In our case, we use quadratic
weighting, calculated as

(2.19)

(2.20)

Cohen's quadratic weighted kappa is used as the primary metric by both Kaggle DR grading
competitions.

4https://github.com/mseitzer/pytorch-fid
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Chapter 3

Related Work

We now set the research context in which to understand this project's contributions.

3.1 Retinal Image Synthesis

Early work surrounding the generation of synthetic retinal fundus images involved patch-
based technigues and complex mathematical models representing the anatomy of the eye
[39, 40]. Dierent algorithms had to be proposed for di erent components of the eye,
relying heavily on domain knowledge.

3.1.1 Vess2Ret

More recently, purely data-driven approaches have been shown to be highly e ective. In
2017, Costa et al. published their foundational work utilising GANs for retinal image
synthesis, dubbed vess2ret [41]. The proposed generator network operated by performing
image-to-image translation from a vessel network to a retinal fundus image. Like pix2pix,
they add a globallL ; loss term, using Equation (2.15) as their loss function. In the absence
of a large dataset containing manual annotations, vessel masks were inferred from the
output of a segmentation model. The network architectures also resemble those of pix2pix,
using a U-Net architecture for the generator and patch-based CNN for the discriminator.

However, this approach still su ers some major drawbacks. The fact that the generator
relies on a vessel segmentation mask as input is unideal since the user will have to either (a)
manually obtain their own vessel segmentation; (b) use a pre-existing vessel segmentation,
of which there is a limited pool; or (c) infer a vessel segmentation (as the authors did) which
may be unreliable. Moreover, since a vessel segmentation maps to exactly one synthetic
retina, data diversity is naturally limited. The authors note that a poorly inferred vessel
network, as may be produced by a segmentation model, fails to produce a usable fundus
image. The output images have a resolution 05612 512which, while large relative to the
images often used in computer vision publications at the time, is small compared to those
produced by modern fundus photography.

The same authors extend this existing architecture in a later work by removing the de-
pendency on a pre-existing vessel segmentation as input [42]. Instead, an adversarial
autoencoder is employed to generate vessel segmentation masks, which can be fed into
the previously described image-to-image model. This requires the user to simply supply
a sample from a multivariate normal distribution, which means that a theoretically un-
bounded number of di erent vessel segmentations can be generated (although this does not
speak for diversity). While this overcomes the rst of the issues with the previous work by
obviating the need for the user to obtain a segmentation mask, the generated vasculatures
are prone to displaying abnormalities, and the issue of resolution remains.

3.1.2 Tub-GAN

Zhao et al. [43] incrementally built upon this work in 2018 by introducing Tub-GAN. It
resembles its predecessor in that the same loss function is used, and the generator architec-

17



ture is also based on U-Net, except usinganh in the output layer instead of the sigmoid
function. They depart from vess2ret, however, in their discriminator design. Instead
of using a patch-based CNN, a DCGAN is used, consisting of Convolution-BatchNorm-
LeakyReLU blocks. The notable improvements are the fact that manual annotations are
used for training, and that the generator takes a noise code which allows for stochastic
variation in the outputs from a single vessel segmentation. However, in the absence of a
vessel generator, it reinstates a dependency on a pre-existing vessel network annotation.

While representing an important step towards the generation of synthetic fundus images,
both Tub-GAN and vess2ret lack the ability to control the generation of pathological
instances. However, in the same publication, the authors also present a variant of Tub-
GAN incorporating style transfer called Tub-sGAN which presents a possible solution to
this limitation. In the Tub-sGAN framework, a target style is provided alongside the input
segmentation. The output image is expected to posses the style of the target image, while
retaining the structure dictated by the segmentation. This is much more useful since we
now have the ability to transfer the texture of pathological examples onto the existing
vasculature, which should include its lesions.

Nonetheless, a few shortcomings are noted. First, the generated images still exhibit fail-
ure cases when they are not anatomically correct, particularly with respect to the optic
disc and macula. Furthermore, while the style-transfer appears to work well for global
texture, it performs poorly in synthesising ne local details. This is problematic since
many retinal lesions are extremely small. Although the authors report increased segmen-
tation performance of vasculatures, we are interested in the more challenging task of lesion
segmentation, whose ground-truths are not supplied by this network.

3.1.3 Retinal Pathological Descriptor

In 2019, Niu et al. [44] proposed an interesting symptom transfer network which allowed
for lesion manipulation by exploiting the neuronal activations of an existing image-level
DR grading network. This allows them to arbitrarily augment the position and quantity
of lesions in generated images.

While interesting in concept, there is no ability to directly condition the generation on
DR severity or lesion segmentations. Therefore, we consider this work orthogonal to our
objectives.

3.1.4 DR-GAN

More recently, in 2020 Zhou et al. introduced DR-GAN [45]: a network that ensembles
many of the discussed technigques and applies them to retina generation. DR-GAN draws
heavily from recent developments in image-to-image translation by incorporating feature
matching loss; multi-scale generators and discriminators; instance boundary maps; spatial
and channel attention; and adaptive instance normalisation. By leveraging these methods,
DR-GAN overcomes many of the limitation of prior work, taking into account image-level
grade information, pixel-wise lesion labels, and optic disc instance masks.

The authors acknowledge that, due to the extremely small size of lesions, synthesis of
fundus images must be done at a high resolution to be useful. To deal with this, they
employ multi-scale generators and discriminators similar to those used in pix2pixHD. In
order to preserve very ne features, they use a spatial and channel attention module (SCA)
in the synthesis blocks inspired by [46], which in turn is inspired by [47]. Recalling the

1The 2020 work is an extension of preliminary work published in 2019. We consider the extended work
only, since it supersedes the preliminary work.
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techniques used in StyleGAN, each of the synthesis blocks also contains an AdalN layer
which gives the ability to manipulate the grade of the generated images using what the
authors call adaptive grading vectors . The latent grading space is rst learnt using the
ResNet-50 network. From this, a set of normal distributions representing the grading space
are computed. During synthesis, the appropriate distribution is sampled from and injected
into the AdalN component of synthesis blocks. In this way, the style of the sampled
vector is transferred to the generated image. They extend the pix2pixHD loss function by
adding a classi cation lossL ¢, speci cally focal loss [48], to combat class imbalance. They
use VGG-19 as their perceptual network.

X
min max L :
li o ax can (G;Dy)
k=1;2;3
X
+ EMm Lem (G;Dy)
k=1:2:3
X (3.1
+ pmin Lp(G;Dy)
Dk o123
X
+ cmin Lc(G;Dy)
Dk o123

DR-GAN represents the state-of-the-art at the time of writing, incorporating some of the
most recent techniques in computer vision. The authors are able to demonstrate quanti-
tatively the improvements in image quality over previous methods, and brie y show how
synthetic data can improve classi cation performance. However, the e ect of synthetic
data on segmentation performance is not discussed. The model is still held back by limi-
tations in the training data, and hence still exhibits a number of failure cases. DR-GAN
still relies upon inferred structural and lesion segmentation masks to bootstrap its training
due to the lack of manually annotated data.

One concern that is unclear from the paper is how these adaptive grading vectors interact
with the lesions of the input mask. For instance, if a lesion mask exhibiting proliferative
DR is given to the network, and during synthesis adaptive grading vectors corresponding
to a healthy retina are provided, what will the resulting output resemble? And will the
lesion mask still be useful if the lesions have been manipulated? Without the source code,
these guestions remain unanswered.

3.2 Semantic Label Generation

Meanwhile, literature on the task of semantic label generation is relatively sparse. Wang
and Gupta [49] rst introduced this factorisation into structure and texture in 2016
when attempting to rst generate normal maps which encode the geometry of the scene,
and from this generating a realistic 2D image. Their Structure-GAN generates small
72 72 3images, and the generator is deeper than the discriminator. They also apply
joint ne-tuning of both networks together, after training each one independently.

Later, in 2019, Ghel et al. [50] introduced a variant of the GAN where the last layer
is simply replaced by a softmax layer. The authors describe this as a more principled
approach to generating semantic images, as opposed to treating them like standard RGB
images, as in Wang and Gupta's earlier work. However, beyond that the papers insights
into the challenges unique to this domain are limited.

More recently, in 2020, Volokitin, Konukoglu, and Van Gool [51] went on to apply a similar
technique to demonstrate how the generation of natural images could be separated into
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the distinct steps of layout prediction and texturing. As opposed to improving segmenta-
tion performance, they were instead motivated by how this decomposition could improve
the plausibility of multi-object scenes. To generate semantic labels they used a DCGAN
architecture, and a pix2pix model for image texturing.

Concurrently, Azadi et al. [52] introduced a method in which the two components are
trained independently at rst, then ne-tuned by training in an end-to-end fashion, resem-
bling the aforementioned Structure-GAN by Wang and Gupta. This approach was dubbed
the Semantic Bottleneck GAN, or SB-GAN. The authors note how the task of learn-
ing the interactions between structural elements to generate discrete labels is extremely
challenging . However, the focus of their work was generating high- delity images, and
did not study the e ect on downstream tasks. Moreover, the end-to-end ne-tuning was
done by introducing an additional, unconditional discriminator, trained to distinguish real
RGB images and those generated from synthetic layouts. This is likely to weaken the
conditioning between the semantic labels and the output image, potentially making this
approach inappropriate for our use case since we would like to use the semantic labels as
segmentation maps.

Moreover, none of these approaches attempt class-conditioning of semantic labels, nor do
they evaluate the e ect of synthetic data on downstream tasks. A further complication is
that the semantic labels of interest to us are far sparser than those used in the datasets of
previous work.

3.3 Training on Synthetic Data

There already exists a history of synthetic data already being used to train machine learning

models; however this work has largely been to do with using 3D scenes to train 2D computer
vision algorithms ([53] provides a good overview). Regardless, this has built a case that
synthetic data could result in a real-world improvement. As early as 2016, Gaidon et al.

[54] showed that pre-training on synthetic data and subsequent ne-tuning on real data

could improve the performance of computer vision algorithms.

Even closer to our mixed-data approach, Shrivastava et al. [55] showed that training on
a mixture of real and synthetic data improved performance of pose estimation models,
compared to training on only real data.
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Chapter 4

Data

In this chapter, we survey the available datasets and examine how their characteristics
may in uence our models. For our work to be of any practical use, it is imperative that we
collect data that is as diverse as possible, representing a wide range of imaging conditions
and patient backgrounds. While large datasets for image-level graded images are available,
the lesion segmentation task su ers from a severe lack of pixel-wise segmented data, and
even fewer provide both grading and semantic label information.

In the eld of data science, fully understanding the properties of your data domain is just
as imperative as model development. Exploratory data analysis provides the necessary
context and insights to choose the appropriate modelling techniques and put forth an
informed interpretation of one's results.

4.1 FGADR

(a) Retinal fundus images. (b) Corresponding semantic labels.

Figure 4.1: A sample of images from the FGADR dataset and accompanying manual
semantic annotations. Columns from left to right correspond to DR grades 0 through 4.

The Fine-Grained Annotated Diabetic Retinopathy (FGADR) dataset [56] was released
in 2020 alongside DR-GAN, and consists of two subsets. The rst, called the&eg-set
contains 1842 images with both image-level annotations for DR severity, and pixel-level
annotations for microaneurysms, haemorrhages, hard exudates, soft exudates, intraretinal
microvascular abnormalities, and neovascularization. Optic disc masks are not provided,
so manual annotations were collected for this project (provided in Appendix A.2). The
second, called theGrade-set contains 1000 images with only image-level DR grades. It is
useful for its high annotation con dence, however theGrade-set is still pending approval
by the researcher's legal department at the time of writing, and therefore is regrettably not
available for use in this project. All images in both sets have a resolution 01280 128Q
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This is the only pixel-wise annotated dataset that includes labels for neovascularization and
intraretinal microvascular abnormalities, which is of particular signi cant since according
to Table 2.1, NV and IRMA are key to di erentiating stage 3 from stage 4.

Figure 4.1 shows a sample of images and associated annotations from the FGADR dataset.
Visually, the relationship between the prevalence of lesions and DR grade is clear. Note
that overlap of semantic labels is possible with the images. We resolve these arbitrarily,
based on the index of the label (according to Table 4.4). The photographs themselves are
noisier than those from the other datasets, which can likely be attributed to the illumination
conditions at the time of imaging.

(a) Sample of images from batch 1. (b) Sample of images from batches 2 and 3.

Figure 4.2: Comparison of annotator bias between batches.

Interestingly, a visual examination of the annotations reveals a number of samples which
are incongruously annotated compared to the other samples, likely due to annotator bias.
These coarsely annotated les all share a le su x, following the pattern XXXX_1.pnga
selection of these are shown in Figure 4.2. While not entirely clear from the dataset's
descriptor paper, this may indicate the grader, hospital, or something else. This su x
value can be one ofl, 2, or 3, and we'll refer to this number as the batch. Apart from
the style of annotation, another di erence is that this group of les do not have the top
and bottom section of the retina cropped, while the other groups have a mix. One way of
removing this bias would be to exclude all 1000 images which contain this su x. However,
this is not viable for three reasons: rst, this batch makes up over half of the dataset so
we would be drastically limiting the amount of available data; secondly, not all of these
images su er from coarse annotations; and nally, this batch represents the entirety of
images with grades 0, 1, and 2, removing them would heavily imbalance our data. Instead,
we manually review each of the images in this batch and list those that are determined
to be too coarse (by a non-expert and subjective measure). We call this the FGADR
exclusion list, and can be found in Appendix A.1.

To deepen our understanding the relationships present in the data, we can apply a dimen-
sionality reduction technique such as t-SNE to create a visual representation which may
reveal underlying patterns. We use the ResNet-50 network as a feature extractor by train-
ing it to predict the DR grade of semantic labels from the FGADR dataset. Note that,

while pre-trained networks (on datasets like ImageNet) are commonly used for feature ex-
traction, we decided to train from scratch since our data domain bears little resemblance
to those used to train general-purpose networks. Once trained, we can then extract the
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(a) Coloured by DR severity grade. (b) Coloured by batch number.

Figure 4.3: t-SNE applied to feature vectors extracted from ResNet-50 trained on FGADR
labels.

learned feature vectors from the layer immediately prior to the nal fully-connected layer.
During training, the network was able achieve to 0.86 accuracy on the training set, and
0.53 accuracy on the validation set, which is an indication that there is at least some
predictive power in the images. This relationship is con rmed visually by examining the
result of running t-SNE on these feature vectors, shown in Figure 4.3a. There is a distinct
separation between images which have a high DR severity and low DR severity, even if the
clusters are not particularly well-de ned.

However, given the discrepancy between image batches we identi ed earlier, it's possible
that the features being calculated are more to do with the batch. To explore this possibility,
we plot the same t-SNE components, but this time colour the points by the batch number,
depicted in Figure 4.3b. There are two factors at play here: di erence in features between
batches, and grade distribution. For instance, as mentioned earlier, all images with grade
0, 1, and 2 belong to batch 1, and this is re ected in the dimensionality reduction. The
isolated cluster in the lower-right corner is an example of the latter factor, and consists of
images which have the top and bottom sections cropped. While interesting, we expect that
there is su cient diversity within the dataset, and the nal training dataset will further
combine multiple other datasets, and hence does not pose an obstacle.

4.2 IDRID

The Indian Diabetic Retinopathy Image Dataset (IDRID) [57] was initially released in 2018

as part of the Diabetic Retinopathy: Segmentation and Grading Challenge held at ISBI-
2018. Similarly to the FGADR dataset, the IDRID dataset also consists of multiple subsets.
The rst subset, aimed at training segmentation models, contains 81 retinal fundus images
with varying levels of DR, each of which are accompanied by pixel-level annotations for
the optic disc, microaneurysms, soft exudates, hard exudates, and haemorrhages. Unlike
FGADR, annotations for neovascularization, intraretinal microvascular abnormalities, or
image-level DR grades for these images are not provided. The second subset, aimed at
training classi cation models, consists of 516 images annotated with DR severity grades
only. The images in the second subset are exclusive with those in the rst subset, and thus
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(a) Retina fundus images. (b) Corresponding semantic labels.

Figure 4.4: A sample of images from the IDRID dataset and accompanying manual seman-
tic annotations. Columns from left to right correspond to inferred DR grades O through
4.

none of the images in this dataset contain both image-level and pixel-level annotations, as
in the FGADR dataset. Each image has a resolution o#4288 2848

To obtain inferred DR grades on this dataset for weakly-supervised learning, we train a
model to predict the DR grade from the retinal fundus images. This method is given in
greater detail in Section 4.8. The distribution of the resulting grades has relatively few
grade Os since all images exhibit some form of DR. There are no grade 1 images, which
can likely be attributed tsto bias in the grade inference network.

4.3 E-Ophtha

The e-ophtha! [58] dataset was released in 2013 and contains pixel-level annotations for
exudates (it is not speci ed whether these are hard or soft exudates) and microaneurysms.
The images are provided as two subsets: e-ophtha-EX and e-ophtha-MA, each of which
also contains a number of healthy images which do not exhibit the respective lesion (but
may have other lesions). In total, 26 images are annotated with exudates only, 128 are
annotated with microaneurysms only, 21 are annotated with both, and 269 images are not
annotated with any kind of lesion. Image resolution varies froml440 960to 2544 1696

A sample of images is shown in Figure 4.5; notice how the density of annotations here is
much less than those in the FGADR and IDRID datasets. This can be largely attributed
to the fact that fewer lesion types are annotated, as well as the annotations simply being
more ne-grained. For this dataset, instead of manually annotating optics discs, we infer
them using a model as described in Section 4.9.

4.4 EyePACS

The EyePACS dataset was rst released in 2015 for the Kaggle Diabetic Retinopathy
Detection challenge [59]. It is the largest dataset of retinal fundus images for the purpose
of grading the severity of diabetic retinopathy, consisting of 88,702 images graded from 0 to

1Sometimes (mis-)spelled e-optha in the dataset les.
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(a) Retina fundus images. (b) Corresponding semantic labels.

Figure 4.5: A sample of images from the e-ophtha dataset and accompanying manual
semantic annotations. Columns from left to right correspond toinferred DR grades 0
through 4.

4. Pixel-level annotations are not provided. Despite the large volume of data, the quality
of images is highly variable, particularly compared to the other datasets we are using,
which appear to be more closely curated. Moreover, the labels are highly imbalanced, with
73.5% of images being grade 0, and just 2.0% being grade 4. For the purpose of the original
competition, public/private training and testing sets are provided, but we disregard these
and instead create our own subsets.

4.5 Data Split

(a) Segmentation dataset. (b) EyePACS dataset. (c) Grading dataset.

Figure 4.6: Distribution of DR grades in various datasets.

We combine the FGADR, IDRID, and e-ophtha datasets to train our semantic label gen-

eration models. In order to prevent data leakage, we randomly separate out (and Xx)

training, validation, and test sets, according to Table 4.1. We train all generative models

on the training set, compare models using the validation set, and use the test set for the
nal evaluation.

For the EyePACS training set we simply take a training and test split, according to Ta-
ble 4.2.
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