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Abstract

Retinal images are widely used to detect and diagnose many diseases such as Diabetic Retinopathy
(DR), glaucoma, Age-related Macular Degeneration, Cystoid Macular Edema, coronary heart disease,
and so on. These diseases affect vision and lead to irreversible blindness. Early image-based screening
and monitoring of the patient is a solution. Imaging of retina is commonly done either through Opti-
cal Coherence Tomography (OCT) or Fundus photography. OCT captures cross-sectional information
about the retinal layers in a 3D volume, whereas fundus imaging projects retinal tissues onto the 2D
imaging plane. Recently smartphone camera-based fundus imaging is being explored with a relatively
low-cost. Imaging retina with these technologies pose challenges due to physical properties of the light
source, or quality of optics and sensors used or low and uneven light condition. In this thesis, we look at
learning based approaches, namely neural network techniques to improve the quality of retinal images
to aid diagnosis.

The first part of this thesis aims at denoising OCT images, which are corrupted by speckle noise due
to underlying coherence-based imaging technique. We propose a new method for denoising OCT images
based on Convolutional Neural Network by learning common features from unpaired noisy and clean
OCT images in an unsupervised, end-to-end manner. The proposed method consists of a combination
of two autoencoders with shared encoder layers, which we call as Shared Encoder (SE) architecture.
The SE is trained to reconstruct noisy and clean OCT images with respective autoencoders, and de-
noised OCT image is obtained using a cross-model prediction. The proposed method can be used for
denoising OCT images with or without pathology from any scanner. The SE architecture was assessed
using public datasets and found to perform better than baseline methods exhibiting a good balance of
retaining anatomical integrity and speckle reduction. The second problem we focus on is the enhance-
ment of fundus images acquired with a Smartphone camera (SC). SC image is a cost-effective solution
for the assessment of retina, especially in screening. However, imaging at high magnification and low
light levels results in loss of details, uneven illumination, noise particularly in the peripheral region and
flash-induced artefacts. We address these problems by matching the characteristics of images from SC
to those from a regular fundus camera (FC) using either unpaired or paired data. Two mapping solutions
are designed using deep learning technique in an unsupervised and supervised manner. The unsuper-
vised architecture called ResCycleGAN is based on the CycleGAN with two significant changes: A
residual connection is introduced to aid learning only the correction required; A structure similarity
based loss function is used to improve the clarity of anatomical structures and pathologies. This method
can handle variations seen in normal and pathological images, acquired even without mydriasis, which
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is attractive in screening. The method produces consistently balanced results, outperforms CycleGAN
both qualitatively and quantitatively, and has more pleasing results. Next, a new architecture is pro-
posed called SupEnh, which handles noise removal using paired data. The proposed method enhances
the quality of SC images along with denoising in an end-to-end, supervised manner. Obtaining paired
data is challenging; however, it is feasible in fixed clinical settings or commercial product as it is re-
quired once for learning. The proposed SupEnh method based on U-net consists of an encoder and two
decoders. The network simplifies the task by learning denoising and mapping to FC separately with two
decoders. The method handles images with/without pathologies as well as images acquired even with-
out mydriasis. The SupEnh was assessed using private datasets and found to performs better than U-net.
The cross-validation results show method is robust to change in image quality. The enhancement using
SupEnh method achieves 5% higher AUC for early stage DR detection when compared with original
images.
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Chapter 1

Introduction

Medical Imaging is a process of visual representation of the interior body parts or function of some

organs or tissues which are used for clinical analysis and diagnosis. Images are generated by reconstruc-

tion of garnering measurements through advanced sensors and computer technology. There are several

ways of imaging which utilize a broad spectrum of electromagnetic waves such as radio frequency in

MRI; visible range in endoscopy, Optical Coherence Tomography (OCT), fundus photography; sound in

ultrasound scan; X-rays in radiography, CT scans; gamma-rays in nuclear SPECT, PET imaging. These

different techniques, referred to as modalities, lead to different visualizations which are used to assess

the condition of an organ or tissue and used in monitoring a patient for diagnostic and treatment evalua-

tion. Medical image processing involves the development of computational methods and algorithms to

analyze, enhance and quantify medical images. This thesis focuses on image enhancement methods for

retina images to make better visualization for clinicians.

1.1 Retina and Retinal Imaging

Retina is the light sensory layered membrane that lies on the inner surface of the eye (Figure 1.1). It

consists of photoreceptor cells which are responsible for visual phototransduction. Photoreceptor cells

in retina consist of three primary cells in eyes: rods, cones and photosensitive ganglion cell. The rods

are responsible for peripheral, low light and grey vision, whereas cones produce the colour vision. The

photosensitive ganglion cell plays other minor roles in human vision. The major visual acuity and colour

vision occur in the small central area of the retina called macula, where cones cells are concentrated.

The vision/image formed in retina is translated as electrical neural impulses to the brain using optic

nerve through the optic disc (OD). It helps to create a visual perception in brain, which is analogous to

that of the camera or image sensors. The OD is also the entry point for blood vessels in retina, and it

corresponds to a small blind spot as there are no rods or cones cell exists. Retina is considered part of

the central nervous system (CNS) and is the only region which can be visualized non-invasively in CNS.

There are a wide variety of retinal diseases and conditions, which can affect any part of the retina

and can cause total blindness. The major diseases in the retina are Diabetic Retinopathy, Age-related

Macular Degeneration (AMD), Cystoid Macular Edema (CME), Glaucoma and Hypertensive Retinopa-

thy [1]. Apart from this, research have shown several major neurodegenerative disorders [38, 14, 45],

1



RETINAL IMAGE QUALITY IMPROVEMENT VIA LEARNING

Figure 1.1: Illustration of inner anatomy of eye and retinal layers (Source: Junqueira's Basic Histology:
Text and Atlas12th edition by A. Mescher)

heart disease [36, 12, 51], and chronic kidney disease [17, 70] have manifestations in the retina, suggest-

ing that the eye is a window to the major body parts. The accessibility and the advancement in retinal

imaging techniques support effective aid in non-invasive diagnosis of these diseases. To understand the

cause and effect of these diseases, the visualization of retina plays an important role in analysis and di-

agnosis. The retinal imaging gives structural and functional information in a non-invasive manner. The

accessibility of the imaging makes it convenient for research studies and can lead to the development of

potential new approaches for effective treatment and screening strategies.

1.2 Retinal Imaging Modalities

The optical properties of the eye help in visualization and imaging of retina. The earliest attempt to

image the retina was made by immersing live cat in the water and was unfeasible for the human eye. This

lead to the invention of ophthalmoscope by J.E. Purkyn (Purkinje) [52]. Several reinvention [13, 28] of

ophthalmoscope led to routine use by ophthalmologists for the inspection of retina. Figure 1.2a shows

a the �rst image of retina published in 1853 by Van Trigt [64].

The ophthalmoscope is popular and still used, but it requires the optometrist to come closer to the

face of a patient who may sometimes have infectious diseases, which motivates the photography of

retina. The �rst photograph of the retina was captured by Gerloff in 1891, which shows blood vessels

[15]. Gullstrand developed later fundus camera in 1910, and the concept is still used to image the retina

[18]. Over the years several imaging modalities are developed to image the retina, among them fundus

photography and Optical Coherence Tomography (OCT) are most commonly used.

2



CHAPTER1. INTRODUCTION

(a) (b) (c)

Figure 1.2: Fundus imaging. (a) First known image of human retina [64] (b) Standard fundus camera
image (c) Smartphone based fundus image

1.2.1 Fundus Imaging

Fundus imaging (fundus photography) projects 3D retinal tissues onto the 2D imaging plane by

the re�ected light. It consists of a specialized fundus camera with complex optics of a low power

microscope attachment to enable high quality and high-resolution imaging of the fundus (or retina).

The intensities in colour fundus image are the amount of re�ected red, blue, and green waveband by

the retinal surface. Since the optical properties of the eye allow to illuminate the retina by visible light,

the modality is cost-effective, non-invasive and safe. Hence it remains as a primary method of imaging

retina. Fundus imaging is a popular imaging technique used to document the appearance of the vessel,

optic disk, macula and retinal abnormalities such as diabetic retinopathy, glaucoma, age-related macular

degeneration. It is also widely used for large scale screening purpose. An illustration of color fundus

image is shown in Figure 1.2b.

Angiographic imaging is the other important retinal imaging technique which uses fundus camera

with additional �lters for imaging vasculature [48]. The image intensities are due to the amount of

emitted photons from the �uorescein or indocyanine dye injected for circulation. This method is widely

used to assess the damaged retinal vessels, but the technique is limited due to invasive nature.

Recently retinal imaging with a smartphone camera is being explored with a relatively low-cost lens

attachment [39, 40, 62, 54]. A sample fundus on a smartphone device is shown in Figure 1.3b. It is

becoming a more powerful clinical tool, especially in resource-constrained (medical experts and funds)

settings as it offers a scalable, cost-effective solution for prevention of diseases leading to blindness [44].

Since the device is portable, it can reach a remote location and aid for teleophthalmology. A sample of

colour fundus image captured from a smartphone camera is shown in Figure 1.2c.

3
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(a) (b)

Figure 1.3: Fundus cameras. (a) Standard fundus camera (Zeiss FF450 device) (b) Fundus on Phone (a
product of Remidio Innovative Solutions Pvt. Ltd.)

1.2.2 Optical Coherence Tomography

A major limitation of fundus imaging is that it captures a 2D image of 3D retinal tissue. Several meth-

ods are developed, such as Stereo fundus photography [3] and confocal scanning laser ophthalmoscopy

[68] to obtain a 3D shape of retina. However, these methods result in low resolution due to limits of

optics of the eye. Tomography imaging [21] of retina overcomes resolution problem and become com-

mon in clinical use as Optical Coherence Tomography (OCT) which allows 3-D cross-sectional image

of retina [65].

OCT is a non-invasive imaging technique that used to take cross-section pictures of biological tissue.

It is based on interferometry, uses white or low coherence light (typically near-infrared light) to capture

micrometre resolution from scattering media (Ex: retina tissue, skin tissue). It works by the principle

of depth estimation of particular backscatter originated by calculating the time taken to travel inside

the eye. Backscatters are due to the difference in the refractive index of tissue layers. The deeper

tissue takes more time for backscatter than super�cial tissue. The low coherence light is optically

split using beam splitter, one beam (reference arm) is directed towards the movable mirror to re�ect

at a particular distance, and the other beam (sample arm) is re�ected from the retinal tissues. The

re�ected beams are recombined, and the interference energy is converted as intensity in the image using

a photosensor. Different intensities represent the different depths observed from the backscatter giving

depth scan (typically called A-scan). The 3D OCT image is obtained by combining A-scan of two

directions (x and y axis).
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Figure 1.4: Illustration of OCT scans. Left: A depth pro�le (A-scan) of backscattered intensity. Middle:
The beam is scanned in a transverse direction to obtain 2D imaging (B-scan). Right: Multiple B-scans
are acquired to obtain 3D volume

Different methods have been developed for improving shorter A-scans interval. The initial imaging

method was Time-domain OCT (TD-OCT), where the reference mirror is moved mechanically, limiting

the acquisition time of A-scan. Later, Spectral-domain OCT (SD-OCT) was developed, which is based

on spectrometer in the receiver. It uses the Fourier principle to estimate depth from the spectrum of

re�ected light on the retina. This method increases the speed of acquisition of A-scan and emerge in a

single sweep of depth scan over retina linearly or circularly to obtain 2D slice or B-scan. Consequently,

multiple A-scan and B-scan gives a 2D and 3D image of retina. The resolution of image depends on

the number of A-scan and B-scan obtained. The OCT scanning and its coordinate system are shown in

Figure. 1.4.

OCT images are widely used by an ophthalmologist for detailed imaging of retina to view distinctive

retinal layers and help in diagnosis by assessing layer thickness. It is used for detection and treatment

of glaucoma, age-related macular degeneration, and diabetic retinopathy. Recently, it has been used

in other medical imaging to diagnose coronary artery disease and dermatology. It is also popular in

industrial nondestructive testing to check the quality of the material.

1.3 Image Quality

To understand and diagnose any disease requires a good visualization of the anatomy. Optical prop-

erties of the eye is a signi�cant advantage in imaging retina as it allows light to illuminate and capture an
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image in a non-invasive manner. However, image quality is degraded either due to physical properties

of the light source or quality of optics and sensors used or low and uneven light condition.

1.3.1 Degradation in OCT Image

The principle of OCT image formation is based on coherence interference of re�ected beams from a

scattering tissue. The coherence plays both the strength and weakness of OCT. The spatial and temporal

coherence of the backscattered from the tissue is measured using interferometry to obtain OCT image.

Besides, the same coherence strategy gives speckle, an insidious form of noise that degrades the quality

of OCT images. Hence, speckle noise occurs as a natural consequence from the scattering tissue by

adding constructive and destructive interference, which are appeared as bright and dark dots in the

image, as shown in Figure 1.5. Apart from OCT, speckle noise commonly arises in active radar, synthetic

aperture radar (SAR), medical ultrasound imaging. In the OCT image, speckle noise reduces the contrast

of the image and weaken the strength of retinal structures. It also complicates the computational systems

like retinal layer segmentation, disease detection such as AMD, retinal �uid like cysts.

Figure 1.5: Illustration of OCT image. Inset image from left to right shows degradation of retinal
structures in choroid, macula and blood vessel regions

1.3.2 Degradation in Smartphone Camera based Fundus Image

Standard fundus camera captures a retinal image by the illumination re�ected from the retinal sur-

face. It is capable of a high level of zoom due to the complex optics of a low power microscope.

However, due to the curved surface of the retina, all regions cannot be illuminated uniformly; hence,

most retinal images suffer from non-uniform illumination. The uneven illumination causes darker pe-

riphery in the image. This issue remains even in smartphone-based imaging. Although imaging retinal

using smartphone camera is a cost-effective and offers scalability and portability, however quality of
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image is degraded due to uses relatively low-cost lens and sensor, LED �ash. Figure 1.6 shows a sample

retinal image captured by a standard fundus camera and a smartphone camera. The quality of image

differs in colour, signal-to-noise, de�nition/detail, especially of small objects. Sometimes, images are

also affected by �ash/dust artefacts as shown in Figure 1.7

Figure 1.6: A sample retinal image captured by a standard fundus camera (left) and a smartphone camera
(right)

Figure 1.7: Challenges in fundus images using smartphone camera

1.3.3 Other Challenges

Since retina is externally illuminated by light source to capture retinal image, the size of the pupil

matters as it complicates the imaging. If the illumination and imaging beams overlap, it results in corneal

and lenticular re�ections diminishing or eliminating image contrast. Hence a dilation (mydriasis) of eye

is preferred before imaging. Also, motion artifacts such as saccades results in blurry or ungradable
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image, safety requirements limiting the amount of light that can be projected onto the retina and patient

comfort limit the time per image or volume, especially in OCT.

1.4 Thesis Focus

In this thesis, we focus on image quality problems associated with two modalities of retinal imaging,

namely, OCT and fundus imaging by a smartphone camera. The aim is to develop a retinal image

quality improvement algorithm via learning based approaches, namely neural network techniques, while

preserving the integrity of anatomical structures and with no artefacts introduced. This task is of interest

in better visualisation and diagnosis by the ophthalmologist/optometrist and also in CAD systems.

OCT images are corrupted by speckle noise due to the underlying coherence-based strategy. In noisy

conditions, ophthalmic experts will �nd it challenging to analyse the image, and it can become erroneous

(especially in pathological case) with a slower throughput. Hence, speckle suppression/removal in OCT

images is of interest as it plays a signi�cant role in both manual and automatic detection of diseases,

especially in early clinical diagnosis. In the �rst part of this thesis, we develop and validate the novel

architecture for denoising OCT image using a small set of unpaired data. We show that the proposed

method is robust to change in scanner and image quality and can handle both healthy and pathological

cases.

Fundus imaging with a Smartphone camera is a cost-effective solution for the assessment of retina.

However, imaging at high magni�cation and low light levels results in loss of detail, uneven illumination,

noise especially in the peripheral region and �ash artefacts. In this condition, reading images will

require some adaptation by both manual and automatic diagnosis system. While the ophthalmic experts

routinely see/read images in hospitals/clinics acquired by a standard fundus camera images, hence an

adaptation is necessary. On the other hand, automatic systems are mostly developed for standard fundus

camera which needs pre-processing to improve the quality. Also, imaging without mydriasis further

suffers in quality of image, which is common in screening scenarios, where the reading can become

much more erroneous and relatively slows down the screening process. Solving all these problems

at once is very challenging and can be attempted by learning an appropriate mapping of images from

smartphone camera images to standard camera images, which are presented in the next part of this

thesis. We develop a robust method and a new framework for improving the quality of fundus images

obtained by smartphone camera using both unsupervised and supervised techniques. We also show

that the method is robust to images with/without pathologies as well as images acquired with/without

mydriasis.

1.5 Contributions

The major contributions in developing an end-to-end retinal image quality improvement systems via

learning based techniques, described in the thesis are:
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� A novel autoencoder based architecture for denoising of Optical Coherence Tomography images

� An improved method for unpaired image-to-image translation to match the characteristics of fun-

dus images from a smartphone camera to standard fundus camera images.

� A novel architecture to enhance the image quality along with denoising for a smartphone based

fundus image in an end-to-end and supervised manner.

1.6 Outline of the Thesis

The purpose of the thesis is to improve the quality of the retinal image via learning, such that it

can aid for better diagnosis by both ophthalmologist and computer-aided diagnosis (CAD) system. In

this aspect, various deep learning approaches have been explored in this thesis are outlined as follows.

Chapter 2 describes the traditional speckle removal methods in OCT and propose a new architecture

for speckle suppression. Chapter 3 and 4 discuss challenges in quality of retinal images obtained by

a smartphone camera and propose the image quality improvement methods in an unsupervised and

supervised manner, respectively. Conclusions and future scope are presented in Chapter 5.
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Chapter 2

Denoising of Retinal OCT Images

A Semi-supervised Approach

Optical coherence tomography (OCT) is a type of imaging modality which is commonly used by

ophthalmologists to capture retina layers and thereby diagnosis of retinal diseases. This imaging tech-

nique is also gaining popularity in dermatology, cardiology, dentistry, and cancer research due to its

ability of imaging in a non-invasive manner. OCT images are corrupted by speckle noise due to the

underlying coherence-based strategy. Speckle noise affects the structural information and reduces con-

trast, thus causing dif�culty in diagnosing images. Hence speckle suppression/removal in OCT images

plays a signi�cant role in both manual and automatic detection of diseases, especially in early clinical

diagnosis.

2.1 Introduction

OCT imaging aids a cross-sectional 3D imaging of biological tissues. It is widely used for manual or

automatic detection and diagnosis of many diseases such as diabetic macular edema (DME), age-related

macular degeneration (AMD), glaucoma. It uses low-coherence light to capture micrometer-resolution.

A major problem with OCT image is corruption with speckle noise. The noise is primarily due to

the coherence-based strategy used in imaging where multiple scattering and phase deviations of a light

beam are common [59]. It degrades the quality of images by reducing the contrast and affects the

boundaries/edges of tissue structures. In addition to speckle being tissue dependent, its distribution also

varies from scanner to scanner. Figure 2.1 shows the variation of speckle noise from 5 different OCT

scanners (namely Bioptigen, Cirrus, Nidek, Spectralis, and Topcon) from macula center region. An

ef�cient and effective speckle denoising method is of interest.
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Figure 2.1: OCT B-scan images from different scanner and an averaged OCT image

2.2 Related Work

There are many solutions have been proposed for speckle reduction. Early solutions were based

on classic �ltering with a median �lter [56], Wiener �lter [53, 26] and wavelets [6, 19]. These results

exhibited blurring or over-smoothing and failed to preserve the sharpness of the edges in the image. A

multi-frame averaging technique [58] was proposed, where the set of images are repeatedly acquired

from an identical retinal position using a computerised alignment. These images are registered and

averaged to create a less noisy image. This strategy increases the image acquisition time and cost. The

slow acquisition is overcome in [42] by using wavelet decompositions. A smaller set of images are

acquired, and its wavelet coef�cients are weighted, averaged and reconstructed to obtain a denoised

image. Anisotropic diffusion �ltering techniques [71, 34, 2, 55] have also been explored for speckle

removal. Most of these methods are sensitive to parameter initialisation with improper choice may

destroy the edges in the images. The most recent variant of this approach is a diffusion potential based

method [50]. This method is good for speckle removal, but with some loss of integrity of anatomical

structures and edges.

Recently learning based approaches are gaining popularity. Fang et al. [11] proposed a multi-scale

sparsity-based tomographic denoising, where pairs of high signal-to-noise ratio (SNR) and low-SNR

slices/B-scan images are used for learning a dictionary. High-SNR images typically require slow ac-

quisition time which implies a low throughput. This was circumvented in [10], by capturing multiple

B-scans, registering and averaging them to obtain the approximate high-SNR images. A sample aver-
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