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Abstract

Optical coherence tomography (OCT) is a specialized imaging modality that allows 3D cross-sectional

imaging of the retinal tissues at micron-scale resolution. The non-invasive, real-time and in situ image

acquisition attributes have made it an essential diagnostic tool in clinical ophthalmology. In practice, the

ophthalmologists manually examine the cross-sectional images (B- scans) and the 3D OCT volumes to

diagnose retinal diseases. However, the poor resolution of the OCT images and the presence of speckle

noise degrade the image quality and bottleneck the quantification of subtle clinical details during diag-

nosis. Further, the heterogeneity in the characteristics of retinal diseases renders manual evaluation by

ophthalmic experts inherently subjective and prone to human error. This dissertation focuses on develop-

ing automated classification models that can address the above challenges for the reliable and accurate

diagnosis of retinal diseases from OCT B-scans and volumes.

The existing automated methods have mostly used single-scale convolutional neural network (CNN)

frameworks to classify the OCT B-scans. However, considering the diversity of the disease manifestations

in terms of shape, size, texture, spatial locations and severity stages, these methods may not generalize

well to unseen OCT images. In this thesis, the multi-scale behaviour of the retinal lesions is analyzed

and explored for extracting powerful discriminative features towards an efficient classification of the OCT

B-scan images. To begin with, the multi-scale spatial pyramid decomposition (MSSP) is adopted to obtain

the multi-scale views of the images. The obtained images are then fed to the corresponding CNN based

feature extractors to obtain the multi-scale features for classification. To further improve the classification

performance, we demonstrate the use of a learnable multi-scale feature extraction scheme using dilated

convolutions. The proposed learnable multi-scale deep feature fusion (LM-DFF) method uses multiple

convolution filters with different dilation rates to extract scale-specific features from the input OCT images.

These features are fused to obtain discriminative high-level multi-scale representation for classification.

The experimental results verify that the proposed method has superior predictive ability and low test run

time compared to the existing methods. These features make it highly suitable for providing a reliable and
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fast preliminary diagnosis in eye care centres and hospitals.

The inherent speckle noise and the poor resolution of the OCT B-scans also pose huge challenges

in the diagnosis of early and intermediate stages of retinal diseases. In these stages, the diseases are

usually asymptomatic in nature. The sparse appearances and small sizes of the lesions at these stages

often result in missed detection from the noisy and low resolution (LR) OCT images. Enhancing the

diagnostic details using a simultaneous denoising and super-resolution (SR) stage before classification

can improve the performance. The traditional denoising and SR frameworks require large amounts of

paired noisy LR and clean high-resolution (HR) images for supervised learning. However, the differing

standards of the health care industries and the medical data privacy laws hinder the acquisition of large-

scale paired LR-HR OCT images for efficient supervised learning. Therefore, the thesis proposes an

unsupervised denoising and SR scheme using the generative adversarial network (GAN) that does not

demand one-to-one alignment of the LR-HR images during model training. The adversarial learning of the

GAN, along with the cycle consistency and the identity mapping priors preserve the spatial correlation,

colour and texture details in the generated clean HR OCT images. The experimental results on clinical-

grade OCT images show that the proposed framework outperforms the existing methods both in terms of

SR performance and test run time. The method reliably reconstructs the clinical details of the OCT images

and enhances their diagnostic utility. The results also verify that performing denoising and SR prior to

classification can significantly improve the classification of intermediate age-related macular degeneration

(AMD) from healthy control subjects.

The OCT volumes are a collection of B-scans sampled from closely spaced retinal locations. As the

volumes contain clinical information from a large retinal region, they provide useful insights into the severity

of the diseases. The automated classification of OCT volumes can help retinal experts in diagnosing

progressive retinal diseases and predict the severity stages. Most existing methods have extended the

B-scan classification methods to OCT volume level by aggregating the classification decisions from the

individual B-scans using manual threshold-based inference strategies. However, the retinal diseases are

mostly local and may not manifest in all B-scans of the volume. It is essential to identify the salient B-

scans that exhibit disease characteristics for reliable classification. To address this challenge, a B-scan

attentive CNN (BACNN) method is proposed that automatically provides weights of importance to the

B-scans in the volumes based on their diagnostic relevance during classification. Specifically, a self-

attention mechanism emphasizes the salient B-scan features for learning discriminative features for better

classification performance. Experimental results illustrate the efficacy of the proposed method over the

existing approaches. An important advantage of the approach is its interpretability since the attention
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weights provide meaningful values for the salience of the B-scans in the volume.

Keywords: Optical coherence tomography (OCT), classification, super-resolution, deep learning, con-

volutional neural network (CNN), attention.
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1. Introduction

Clinical examination of the retina can play a crucial role in the diagnosis and the management of

prevalent ocular diseases like age-related macular degeneration (AMD) and diabetic macular edema

(DME) [1, 2]. Until recently, the color fundus photography and the fluorescein angiography (FA) [3] were

used as gold standards for the in vivo imaging of the eye. Both the imaging modalities provide only a two-

dimensional (2D) en face view of the retina, making it difficult for clinicians to accurately assess disease

severity and progression [4]. With the development of optical coherence tomography (OCT), ophthal-

mologists are now able to capture three-dimensional (3D) in vivo images of the retina at a micron-scale

resolution [5, 6]. The OCT provides the visualization of the layered retinal morphology as cross-sectional

images called B-scans [7]. These scans enable qualitative and quantitative assessment of the structural

changes in the retina [8]. Multiple B-scans (3D volume) can also be acquired to monitor disease progres-

sion, diagnose severity stages and understand the effect of therapy [9,10].

In clinical practice, the ophthalmologists manually analyze the OCT images and volumes to provide a

diagnosis decision. However, the inherent speckle noise in the OCT images degrades the image quality

and affects its diagnostic utility [11, 12]. Often the low resolution (LR) images, captured to eliminate

the effects of involuntary patient movements, pose challenges in the diagnosis of early and intermediate

stages of the diseases [13, 14]. Moreover, the retinal disease characteristics widely vary in terms of

shapes, sizes, texture and spatial locations [15]. The heterogeneity in the pathological manifestations

often results in poor reproducibility among OCT assessors. Consequently, automated and reproducible

analysis of the OCT images can effectively represent the disease features, improve diagnostic accuracy

and reduce intra- and inter-observer variabilities.

Furthermore, the commercialization of OCT has led to the generation of large amounts of data, which

is often difficult to be manually analyzed by experts. The advancement in OCT technology and the high

prevalence of retinal diseases [16] in the present population have intensified the research needs for the

development of automated diagnosis systems. These systems have the potential to save numerous clin-

ical hours of medical practitioners, reduce false-negative cases due to fatigue and improve diagnostic

accuracy.

This dissertation focuses on developing efficient and reliable classification methods for the automated

diagnosis of retinal diseases using OCT images and volumes. The chapter begins with a brief introduction

to OCT imaging of the retina, followed by a review of the existing automated methods for OCT classifica-

tion. We then highlight the motivation of the research work. Following that, we present the contributions

and outline of the thesis.
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1.1 Optical Coherence Tomography Imaging of the Retina
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Figure 1.1: Schematic set up of an OCT system.

1.1 Optical Coherence Tomography Imaging of the Retina

OCT is a non-invasive imaging technique that allows cross-sectional and volumetric imaging of the

retinal microstructures by measuring the echoes of the backscattered light from the tissues [17]. De-

veloped in 1991 by David Huang and colleagues at the Massachusetts Institute of Technology [18], the

OCT is based on the classical optical measurement technique known as the low-coherence interferometry

(LCI) [19].

Figure 1.1 shows the schematic setup of an LCI based OCT system. As can be seen, the incident

optical power of the input low-coherent light source is evenly split into the sample and the reference arms

by the beam splitter. The light traveling through the reference arm is incident on the reference mirror and

is redirected back through the same path. The light exiting from the sample arm is incident upon the scan-

ning mirror that focuses the beam onto a spot in the target retinal region. The backscattered light from

the desired sample location interferes with the reflected light from the reference arm. A large interfero-

metric signal is generated when the two signals interfere constructively (i.e., the delay mismatch between

the signals is nearly zero). The interfering signals add up to nearly a flat line if destructive interference

happens between them (i.e., the interfering waveforms vary widely in phase) [20]. The detector detects

the interference waves and consequently generates an electrical signal. The reference mirror is displaced

laterally to obtain the interferometric peaks at different depths. The electrical signals are then processed

to obtain an A-scan (see Figure 1.2). When the OCT probe beam is scanned laterally, multiple A-scans

are obtained to form cross-sectional images called B-scans (see Figure 1.2). The B-scans highlight the
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Figure 1.2: A-scan, B-scan and 3D-volume representation in OCT.

thickness and reflectivity profiles of the ten different layers of the retina. The details of the retinal physi-

ology and the interpretation of the layers in the OCT B-scans are discussed in Appendix A. A collection

of B-scan images is acquired by lateral scanning at different spatial locations of the retina to form the 3D

OCT volume (see Figure 1.2).

The OCT imaging system discussed above is popularly known as the time-domain OCT (TD-OCT).

Such systems are relatively slow in acquiring the images as the reference arm has to be mechanically

translated to capture tissue details at different depths [21]. Aimed at increasing the imaging speed, ad-

vanced spectral-domain OCT (SD-OCT) systems have been developed [22]. The SD-OCT has a sta-

tionary reference arm and the depth information is obtained by the Fourier transform of the interference

fringes by using a spectrometer at the detector [22]. The image analysis and models developed in this

thesis are based on the images and volumes acquired from the SD-OCT imaging systems. In the following

paragraphs, we present few challenges that affect the diagnostic accuracy of the computer-aided methods

during diagnosis from the retinal SD-OCT images.

Variability in the pathological manifestations of the retinal diseases: The retinal disease man-

ifestations widely vary in terms of shape, size, texture and spatial location. Figure 1.3 shows few such

variations of the pathological SD-OCT B-scans along with the normal B-scans for reference. Figure 1.3

(a) presents the normal images and Figure 1.3 (b) and (c) highlight the retinal lesions of AMD and DME,

respectively. AMD is a degenerative retinal disease that affects the elderly and causes progressive loss of

the central vision [23]. Clinical manifestations such as drusens, geographic atrophy (GA) and intra-retinal

fluid deposits are observed in the OCT B-scans of the AMD subjects [24, 25]. The drusens, shown by
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Figure 1.3: OCT B-scans highlighting the wide variations in the retinal lesions. (a) shows the normal images, (b)
shows the pathological manifestations in AMD (drusens-asterisk, geographic atrophy-brackets and fluid deposit-solid
arrow) and (c) presents the disease characteristics in DME (fluid deposits-solid arrow and exudates-dotted arrow).

asterisk in Figure 1.3 (b), are early manifestations of AMD. They are characterized by the asymptomatic

deposition of extra-cellular fluids beneath the retinal pigment epithelium (RPE) [26]. In the intermediate

stages, GA (shown by the bracket in Figure 1.3 (b)) is observed, which indicates abnormal thinning of the

RPE and loss of the photoreceptor cells [24]. The intra-retinal fluid deposits, shown by the solid arrow

in Figure 1.3 (b), result from the exudative damage caused by the blood vessels breaking through the

RPE [27].

The DME occurs as a complication of diabetes and results in the accumulation of intra-retinal fluids

and exudates (see Figure 1.3 (c)) [28, 29]. It can be observed from Figure 1.3 that the retinal lesions

are very diverse and widely vary both within and across the diseases. The effective handling of these

variabilities is often challenging for developing reliable OCT-based automated diagnosis systems.

Effect of speckle noise: The speckle noise in OCT imaging arises due to the interference of the

photons that undergo multiple scattering in forward and reverse directions within the retinal tissues [11,30].

The speckle noise appears as granular pattern in the OCT B-scans as can be seen in Figure 1.2 and 1.3.

The presence of speckle noise often obscures subtle but important morphological details and thus is

detrimental to clinical diagnosis. It also affects the performance of automatic analysis methods intended

for objective and accurate quantifications [31].

Effect of Motion Artefacts: Motion artefacts appear in the OCT B-scans due to the involuntary eye

motion for fixation, head movements and body jitters caused by the cardiorespiratory system [13]. These
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Figure 1.4: Effect of image resolution on the drusen visualization in intermediate AMD.

artefacts can cause inaccurate clinical interpretation of the OCT images [32]. Severe loss of OCT data

also happens due to the blinking of the eye. Hardware and software motion correction methods have

been proposed in the literature to remove the artefacts [13]. The hardware solutions demand the incorpo-

ration of additional hardware to detect the motions. The software-based techniques, on the other hand,

take the OCT images with artefacts and estimate the actual OCT images by solving the non-linear and

ill-posed inverse problem [13]. However, both these approaches have pertinent drawbacks, i.e., the hard-

ware solutions generate additional overhead costs to the OCT machines and the software solutions are

difficult to quantify due to the lack of ground truth. Therefore, in clinical settings, a low spatial sampling

rate, i.e., fewer A-scans/B-scan, is preferred to fasten the image acquisition process, thereby reducing

the involuntary movements [14, 33]. However, the LR images obtained by the reduced spatial sampling

present bottlenecks in the quantification of subtle clinical parameters, especially in the early stages of the

diseases, when the retinal lesions are not very prominent. Figure 1.4 shows a high-resolution (HR) OCT

B-scan with drusen manifestations (shown by the yellow arrows) acquired at an azimuthal resolution of

1000 A-scans/B-scan and a synthetically generated LR image with a resolution of 500 A-scans/B-scan.

It can be observed that the visualization of the drusens has been compromised in the LR image. Using

such LR images for diagnosis may lead to high false negatives especially in early and intermediate stages

of the diseases, when the lesions are often small in size and sparsely distributed. Therefore, simultane-

ous denoising and super-resolution (SR) techniques have the potential to improve the quality of the OCT

images and improve classification performance.

The following section presents different approaches used in literature for the automated diagnosis of
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Figure 1.5: General block diagram of an OCT based automated diagnosis system.

retinal diseases from OCT images and volumes. The simultaneous denoising and SR schemes proposed

in the literature to improve the diagnostic quality of the OCT images are also discussed.

1.2 OCT based Automated Diagnosis- A Review

Over the last decade, there has been considerable research in the field of automated disease classi-

fication from OCT images and volumes. A general block diagram of the OCT based automated diagnosis

system is shown in Figure 1.5. As can be seen, there are two stages of operation, i.e., the training and

the testing phases. At the training stage, the OCT data are acquired, pre-processed and the classification

model is learned. At the testing stages, the OCT images/volumes from unseen patients are pre-processed

and provided to the trained model to output the diagnosis decision.

The training phase starts with the acquisition of clinical OCT data from retrospective cohorts of pa-

tients. The acquired database then goes through a complex grading system consisting of many trained

graders to verify and correct the image labels [34]. The graders in the initial stage conduct quality checks

and eliminate the OCT images that have severe artefacts. Then the experienced graders independently

label the images based on the observed changes in the anatomical features of the retina. Finally, expert

graders verify the correctness of the labels.

Pre-processing of the retinal OCT images is performed to normalize the acquisition distortions and

the effects of the natural retinal curvature. Pre-processing steps include speckle noise removal, curvature
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correction, layer segmentation and region of interest (ROI) selection [35–37]. The details of each of the

steps are given as follows.

• Speckle noise removal: The speckle noise inherently exists in the OCT images and affects its

visual interpretation [12]. Therefore, OCT image denoising is performed as a pre-processing step

to eliminate the effect of noise. The most common despeckling approach adopted in commercial

scanners is Bscan averaging [38]. A high-quality image can be obtained by averaging registered

multiple Bscans acquired from the same position. However, this approach is currently impractical

for 3D scans due to the long acquisition time for overlapping B-scans. Denoising techniques like

the non-local means (NLM) [39], sparsity-based block-matching and 3D-filtering (BM3D) [40] and

median filtering are generally used. Recently, sophisticated and accurate data-driven denoising

methods like the auto-encoder [41] and the SiameseGAN [42] have been proposed.

• Curvature correction: The retinal OCT images have a natural curvature that varies across subjects.

This curvature is generally removed using curvature correction methods (also known as flattening)

[43]. Flattening normalizes the natural retinal curvature and prevents the sensitivity of the classifier

to the curvature during model learning [36]. The existing curvature correction methods estimate the

RPE layer along each column of the image using pixel intensity and shift the pixels up or down to

flatten the RPE [43,44]. These methods work remarkably well to correct the curvature of the retina.

• Retinal layer segmentation: The retinal diseases manifest in specific layers of the retina. There-

fore, few automated approaches segment the different layers of the retina to extract layer-specific

diagnostic features [45–47]. Chiu et al. [43] proposed a graph theory and dynamic programming-

based approach to automatically segment the seven different layers of the retina. The method is

used in quantifying retinal thickness parameters in intermediate AMD [48] and DME [49]. Few other

graph construction based retinal layer segmentation methods can be found in [50–52]. With the

advent of deep learning, semantic segmentation based approaches have recently been proposed

for retinal layer segmentation. The popularly used methods are ReLayNet [53], DeepRetina [54],

branch residual U-net [55], etc.

The retinal B- scans are then cropped to focus on the region of the retina that contains the morpho-

logical structures and also to reduce the dimensions of the image. The model learning block takes the

pre-processed OCT images/volumes and the corresponding labels as input and learns the model pa-

rameters in a supervised manner. Over the past few decades, researchers have focused on developing
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Figure 1.6: Block diagram highlighting the different stages of machine learning and deep learning models.

machine learning (ML) models that can represent the pathological characteristics well and thereby gen-

erating improved classification accuracy [45, 46]. Recently, the deep learning (DL) based classification

schemes are being increasingly used for the OCT classification tasks [34, 35, 37, 56–58]. The DL based

methods automatically learn patterns or representations from the images for efficient classification and

thereby completely eliminate the burden of hand designing diagnostic features. Figure 1.6 shows the

block diagram highlighting the different steps involved in the ML and the DL based classification models.

It can be seen that an ML model majorly involves three steps i.e., pre-processing, feature extraction and

classification. The DL models on the other hand do not rely on pre-processing of the images and explicit

feature extraction for classification. The models have also shown to generalize well for unseen test data.

Based on the type of models used for classification, the current literature can be broadly categorized into

two approaches: the feature engineering and the DL based methods.

1.2.1 Feature Engineering based Methods

The works in this category mostly rely on extracting informative features from the pathological biomark-

ers of the OCT images and volumes, followed by classification using ML classifiers. Sisternes et al. [45]

computed the area, volume, height and reflectivity of the drusens in the OCT volumes to train a linear

regression model for the quantification of the risk of AMD progression. Similarly, the authors in [46] seg-

mented the retinal layers to extract the RPE-drusen complex thickness and the total retinal thickness for

detecting AMD patients from healthy subjects. It is worth emphasizing that the design of such hand-crafted

features has high dependence on cross-domain experts like ophthalmologists and data scientists. It is also

sometimes difficult to find a fixed set of informative, discriminative and independent features for training
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an ML model considering the variabilities in the disease manifestations. Therefore, instead of explicitly

quantifying disease features, researchers were inclined to explore the use of image feature descriptors

like the local binary patterns (LBP) [15,59,60], histogram of oriented gradients (HOG) [36], bag-of-words

(BoW) [47], scale-invariant feature transform (SIFT) [61] and speeded up robust features (SURF) [62] that

can implicitly encode disease-specific information from the pathological OCT scans. These encoded fea-

tures are then classified using the support vector machine (SVM) [15,36,52,59], Bayesian classifier [60],

linear regression [45, 46] and random forest classifier [47, 63] to obtain the diagnosis decision. It is to be

noted that the feature descriptors are highly sensitive to the speckle noise in the OCT images. Therefore,

sophisticated pre-processing for noise removal is necessary prior to feature extraction.

Sidibé et al. [64] approached the classification task as an outlier (anomaly) detection problem. The

method modeled the appearance of the normal OCT images with the Gaussian mixture model (GMM) and

identified the pathological images as outliers. The diagnosis result for the OCT volume depended on the

number of detected outliers.

Of late, the DL based methods have captured the interest of the OCT research community [65–68].

These methods automatically learn features relevant for classification, thus alleviating the need for hand-

crafted or fixed descriptors for feature extraction [69]. The DL models have shown better generalization

and improved performance than the feature-based methods [70]. The following subsection presents the

related literature of the DL based methods for the OCT classification task.

1.2.2 Deep Learning based Methods

Early DL based works exploited the advantages of transfer learning for classification. Transfer learning

is a technique where a model learned in one setting is exploited to improve generalization in another

setting [71]. Rather than training a neural network from scratch, transfer learning allows using a network

with fixed weights adapted from a particular domain at the low levels and retrained at the high levels to

learn distinguishing features of the specific task. Such frameworks are useful for learning DL models for

domains with limited data. Inspired by the advantages of the transfer learning, Karri et al. [37] fine-tuned

the GoogLeNet [72] for the classification of AMD, DME and healthy subjects. Similarly, Kermany et al. [34]

and Li et al. [73] fine-tuned the InceptionV3 [74] and the ResNet50 [75] architectures for OCT image

classification. Similar explorations of fine-tuning the state-of-the-art DL architectures like the AlexNet [76],

the VGG [77] and the ResNet [75] are proposed in [78–85].

As the pre-trained networks are learned for natural images, understanding the behaviour of the filter

outputs is inscrutable for medical images. To mitigate this issue, researchers proposed end-to-end convo-
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lutional neural networks (CNNs) for the reliable classification of retinal diseases. The CNNs are typically

used for recognition tasks from images [86]. The learnable convolution kernels, the multiple layers of rep-

resentation and the non-linear modules in these networks automatically discover features from raw 2D or

3D data for classification [69]. The initial few stages of the CNNs use multiple convolution layers, non-linear

activations and pooling layers to encode features from the input images. The convolution layers comprise

multiple learnable convolutional filters to encode local spatial information from the input images [66]. The

output feature maps of the convolution layers are provided to the activation functions to add non-linearity

to the features. The pooling layers merge the neighbourhood spatial features to reduce the size of the fea-

ture maps and improve translation invariance. Traditionally, a series of convolution, activation and pooling

layers are used to extract powerful non-linear features, which are transformed to 1D vectors and provided

to fully connected (FC) layers for classification. The details of each of the components of the CNN are

presented in Appendix B.

Rasti et al. [35] proposed a convolutional mixture of experts approach for the classification of AMD,

DME and normal OCT images. A new cost function with correlation penalty was employed to enable

the experts to learn non-overlapping discriminative features for accurate classification. The method also

proposed a new OCT database known as the Noor Eye Hospital (NEH) database. Considering the limited

size of the dataset, the authors have used data augmentation methods to obtain generalizable results. An

iterative feature fusion CNN (IFCNN) was proposed in [56] for improving the classification performance of

the OCT B-scans. The method fused the features of the previous convolutional layer with the current layer

and jointly utilized the features for improving the classification performance. The method achieved an

overall accuracy of 87.3% for the classification of OCT images on the University of California San Diego

(UCSD) database. The authors in [87] not only classified retinal pathologies using an end-to-end CNN

model but also presented the interpretation of the designed network by the class activation map (CAM).

The CAM identifies the regions of the images contributing most to the network’s assignment of the labels

at the testing stages [88].

Instead of visualizing the attentive regions of the OCT images during the testing phases, it would

be imperative to constrain the network to pay attention to the clinically significant regions during training

for improved learning of the disease features. An exploration of this was presented in the lesion-aware

convolutional neural network (LACNN) [58]. In this work, the authors utilized the retinal lesions within

the OCT images to guide the CNN for learning disease-specific features. The network made use of

a CNN based lesion detection framework to obtain a soft attention map for the coarse representation

of the retinal lesions. The attention map was then incorporated into the CNN framework to weigh the

11TH-2540_166102012



1. Introduction

Table 1.1: Automated feature-based methods in literature for OCT classification.

Method # classes
Preprocessing Approach

Database
Evaluation

Result*
Denoising Layer Seg. † Flattening Features Classifier Scan level Volume level

Sisternes et al. [45] 2(low risk,
high risk of
AMD progres-
sion)

X X area, volume,
height and
reflectivity of
drusens

Linear regression private X Se=80.95%

Farsiu et al. [46] 2 (AMD, nor-
mal)

X Thickness
of RPE and
RPE-drusen
complex

Linear regression DUIA [46] X AUC=0.99

Liu et al. [15] 4 (AMD, DME,
MH, normal)

X Multi-scale
LBP

SVM-RBF private X AUC=0.93
(10 fold
CV)

Srinivasan et al. [36] 3 (AMD, DME,
normal)

X X HOG SVM- Linear Duke [36] X X(majority voting) OA=95.5%

Albarrak et al. [60] 2 (AMD, nor-
mal)

X X LBP,HOG +
PCA

Bayesian classifier private X AUC=0.94

Venhuisen et al. [63] 2 (AMD, nor-
mal)

Unsupervised
feature ex-
traction using
BoWs

Random forest DUIA [46] X AUC=0.98

Lemaitre et al. [59] 2 (DME, nor-
mal)

X X LBP-
TOP+BoW

SVM-RBF Private X Se=81.2%

Venhuisen et al. [47] 5 (No AMD,
Early AMD,
Intermediate
AMD, GA,
CNV)

X Detection of
AMD affected
regions, BoWs

Random forest Private (Eugenda) AUC=0.98

Sun et.al [61] 3 (AMD, DME,
normal)

X SIFT, sparse
coding

SVM-Linear Duke [36] X X(majority voting) OA=95.5%

Dash et al. [62] 2 (DME, nor-
mal)

X X SURF SVM- Polynomial Private X Acc=99%

Sidibé et.al [64] 2 (DME, nor-
mal)

X X vectorized B-
scans

GMM SERI [90], Duke [36] X X(majority voting) Se=93.75%
(SERI),
80% (Duke)

†:Layer Seg.=Layer Segmentation, *: results taken from the corresponding paper.

convolutional features, thereby guiding the CNN to pay attention to the lesion related regions of the image.

In another work, Huang et al. [89] suggested the use of a layer guided CNN (LGCNN) to meaningfully

represent the lesions specific to the retinal layers for the efficient classification of the B-scans. Particularly,

the fully convolutional ReLayNet [53] architecture was used to delineate the lesion-related layers. The

probability maps of these layers then softly weighted the CNN feature maps during the classification

process. These attention based classification frameworks have shown better performance over the plain

CNN based methods. The LACNN and LGCNN methods have achieved improved overall accuracies of

90.1% and 88.4% on the UCSD database.

The attention-based networks discussed above utilize additional frameworks, such as lesion detection

or layer segmentation, to obtain the soft attention maps. The performance of the attention networks de-

pends on how efficiently the additional frameworks generate the attention maps. To mitigate this issue,

Mishra et al. [57] presented a multi-level dual attention network that employed a self-attention mech-

anism to automatically attend to the higher entropy regions of the OCT images. Similarly, a convolu-

tional attention-to-DME network (CADNet) was presented by Rasti et al. [96] to predict the efficacy of the
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Table 1.2: Automated DL based methods in literature for OCT classification.

Method # classes
Preprocessing

Approach Database
Evaluation

Result*
Denoising Layer Seg. † Flattening Data Aug. ‡ Scan level Volume level

Karri et.al [37] 3 (AMD, DME,
Normal)

X X Fine-tuning
GoogLeNet

Duke [36] X X(Majority voting) OA=100%

Kermany et.al [34] 4 (Drusen, CNV,
DME, Normal)

Fine-tune In-
ceptionV3

UCSD [34] X AUC=0.99

Rasti et.al [35] 3 (AMD, DME,
Normal)

X X End-to-end
CNN ensemble

NEH [35], Duke [36] X X(Threshold based) AUC=0.99

Fang et.al [56] 4 (Drusen, CNV,
DME, Normal)

Iterative feature
fusion CNN

UCSD [34] X OA=87.3%

Perdomo et.al [91] 2
(DME,Normal)

X Deep end-to-
end CNN

SERI [90] X Acc=93.75%

Motozawa et.al [87] 3 (dry AMD, wet
AMD, normal)

Deep end-to-
end CNN

Private X OA=93.9%

Fang et.al [58] 4 (Drusen, CNV,
DME, Normal)

Attention (le-
sions) +CNN

UCSD [34] X OA=90.1%

Huang et.al [89] 4 (Drusen, CNV,
DME, Normal)

X Layer guided
CNN

UCSD [34] X OA= 88.4%

Mishra et.al [57] 3 (AMD, DME,
normal)

Dual attention
CNN

NEH [35] , Duke [36] X OA=99.6%
(NEH),
95.5%
(Duke)

He et.al [92] 4 (Drusen, CNV,
DME, Normal)

Label smooth-
ing GAN

UCSD X F1=87.11%

Apostolopoulos et.al [93] 2 (AMD, nor-
mal)

X X End-to-end
CNN

DUIA [46] X AUC=0.99

Wang et al. [94] 3 (AMD, DME,
normal)

ResNet (feature
extraction) and
LSTM (feature
aggregation),
FC-Softmax
(classification)

Private, Duke [36] X AUC=0.95
(private),
0.97 (Duke)

Romo-Bucheli et.al [95] prediction of
treatment re-
quirement

X DenseNet (fea-
ture extraction),
RNN (feature
aggregation),
FC-Softmax
(classification)

Private X Recall=80%

†:Layer Seg.=Layer Segmentation, ‡: Data Aug.=Data Augmentation, *: results taken from the corresponding paper.

anti-vascular endothelial growth factor (VEGF) treatment for DME patients. The CADNet used the self-

attention based squeeze-and-excitation (SE) unit [97], that attended to the informative CNN feature maps

for efficient classification.

It is well known that the DL based methods tend to overfit when trained with limited data [98]. To

address the overfitting issue under limited training data environments, He et al. [92] explored the use of

the generative adversarial network (GAN) to augment the limited dataset with synthetically generated OCT

images. The mixture of synthetic and real images was used as training data to improve the classification

of drusens, choroidal neovascularization (CNV), DME and normal B-scans.

Most of the existing methods have performed the classification of the OCT B-scans only [34, 56–

58, 89, 92]. However, a few of these approaches have extended their B-scan based methods to the

volume level by aggregating the scan-level scores using majority voting or threshold-based inference

strategies [35–37, 64]. To improve the robustness of such classifiers, Qiu et al. [99] proposed a self-

supervised learning scheme to iteratively refine the model and the label set to improve the classification

of the individual B-scans in the OCT volume. On the contrary, a few works have employed only the

volume level labels for the classification. The authors in [93] presented a semi-supervised model called
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RetiNet that mosaiced the B-scans in the volume to form a 2D-matrix and applied a CNN classifier for

diagnosis. With a similar idea, Wang et al. [94] proposed a weakly deep supervised learning framework

for the classification of macular diseases like DME and AMD from OCT volumes. The method extracted

spatial features from each of the B-scan images using a pre-trained ResNet architecture followed by

feature aggregation using long short-term memory (LSTM) units. The classification scores of the macular

diseases were obtained by an FC layer with softmax activation in the end. Recently, Romo-Bucheli et

al. [95] proposed an end-to-end DL architecture for prediction of the requirement of anti-VEGF treatment

for neovascular AMD patients. In this method, OCT volumes were obtained at different time points of the

treatment. B-scan images were sampled from the OCT volumes to form multi-tile images. Spatial features

from these multi-tile images were extracted using a shared densely connected neural network. A recurrent

neural network (RNN) followed by a tanh activation integrated the clinical information of the OCT images

across multiple time-points. An FC layer finally integrated the spatio-temporal information from the RNN

to generate a category prediction.

The feature-engineering and DL based explorations are summarized in Tables 1.1 and 1.2, respec-

tively for a ready reference. The tables list the methods based on the following attributes: the retinal

diseases addressed, the pre-processing techniques used (denoising, layer segmentation, flattening and

data augmentation), the classification approach, the database used, the evaluation scheme (B-scan level

or volume level) and the results obtained. It can be observed from Table 1.1 that the feature-based meth-

ods heavily rely on pre-processing to obtain the desired performance. On the other hand, the DL based

methods have minimal dependence on pre-processing (see Table 1.2, column 3). Also, the DL based

methods have mostly been explored for B-scan classification (see Table 1.2, column 6).

In the following section, we present a detailed review of the existing approaches employed for the

simultaneous denoising and SR of the OCT images.

1.3 Simultaneous Denoising and Super-resolution of OCT Images- A

Review

The conventional single image SR frameworks demand aligned pairs of LR and high-resolution (HR)

images during training [100–104]. The creation of such datasets for OCT images faces inevitable chal-

lenges. The OCT images are inherently affected by speckle noises. Therefore, even the acquired HR

images are noisy. To obtain the clean HR counterparts for the noisy LR images, repeated HR images are

acquired from the same location and averaged [14]. Such a cumbersome process requires patient’s con-
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sent, preparedness and medical supervision. Therefore, research in this direction was quite limited until

recently. In 2013, Fang et al. [14] in collaboration with the Duke University Medical Center, proposed an

OCT dataset with noisy LR images and their clean HR counterparts. The database provided an impetus

to the progress of research in this field.

The authors in [14] proposed a sparsity-based simultaneous denoising and interpolation (SBSDI)

method that utilized the sparse representation based learned dictionaries to reconstruct the clean HR OCT

images. During the training stages, many image patches were simultaneously extracted from the LR-HR

image pairs to learn the LR and the HR dictionaries jointly. The method proposed a coupled orthogonal

matching pursuit algorithm during training to obtain sparse codes that can preserve the spatial correla-

tion between the LR and the HR patches for reliable reconstruction. The authors extended their work by

proposing a segmentation based sparse reconstruction (SSR) [33] method that learns layer-specific struc-

tural dictionaries to better represent the anatomical and pathological features within the retinal layers. The

method provided speedy reconstruction compared to the SBSDI as the sparse codes for the LR patches

now had to be searched in the corresponding layer-specific dictionary rather than from an extensive global

dictionary.

Abbasi et al. [105] proposed a non-local weighted sparse representation (NWSR) method to denoise

and interpolate the B-scan images. The method utilized the self-similarity between image patches to

average the sparse codes of non-local similar patches obtained from the corresponding denoised images

to estimate the sparse codes for the noisy image patches. The denoised images were obtained from an

off-the-shelf denoising method. A dictionary-based HR reconstruction scheme [101] was then applied to

the obtained sparse codes to generate the clean HR patches. Two other sparsity-based methods were

presented in [106,107].

Recently, Daneshmand et al. [108] proposed a mixed low-rank approximation and second-order tensor

based total variation approach for the denoising and SR of the OCT images. The low-rank regularization

is used to explore the non-local self-similarity for effective noise suppression. Further, tensor-based total

variation regularizers were also incorporated to preserve the retinal layers and suppress the artefacts in

the OCT images.

It is worth mentioning that the sparsity regularizers and the sophisticated constraints render the above

approaches computationally complex and inflexible. The patch processing framework exploited by these

methods also results in the smoothing of the reconstructed images. The smoothing causes the loss of the

sharp boundaries between the retinal layers, which leads to inaccurate measurement of the layer thickness

and, in turn, hampers diagnosis. To address the above challenges, a DL based OCT SR method called the
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SDSR-OCT [109] was recently proposed. The method exploited the super-resolution GAN (SRGAN) [104]

for the task. Specifically, the model was divided into two parts, i.e., the generator that took the noisy LR

images as input to learn LR features. These features were then utilized to reconstruct the HR images.

The discriminator part of the network decided whether the generated clean HR images were similar to the

real HR image distribution. The network had an inherent capability to simultaneously denoise and super-

resolve the LR OCT images without patch processing and averaging. It showed promising performance

compared to the sparsity-based methods.

1.4 Motivation for the Research Work

Although several methods have been proposed for the OCT classification, a few research challenges

have not been addressed and are given as follows.

• As discussed earlier, the pathological manifestations of retinal diseases have diverse shapes, sizes

and textures. To automatically detect the abnormalities from the OCT images, an algorithm must

implicitly recognize the distinct multi-scale pathological symptoms and discern the complex rela-

tionships between them. At present, the DL based methods employ single-scale CNNs for feature

extraction and classification of the OCT B-scans [34,37,57,58,89]. However, it is challenging to rep-

resent the variabilities in the pathological morphologies of different diseases efficiently by ignoring

potentially useful information on different scales.

• The drusens are the pathological manifestations of the early and intermediate stages of AMD. Of-

ten, the drusens are small in size and sparsely distributed. The automated classifiers may not

characterize well the subtle clinical details from the noisy LR OCT images. This may result in high

false negatives. We hypothesize that incorporating a simultaneous denoising and SR stage prior

to classification can improve the diagnosis results. The denoising and SR of the OCT images can

enhance the drusen-related diagnostic details in the noisy LR images. This is expected to improve

disease detection accuracy. However, considering the limited size of the available denoising and

SR databases, the existing methods are not well generalizable. Less generalizable models may

not reconstruct the pathological symptoms reliably, considering their diversity in appearance. It is

challenging to develop generalizable denoising and SR methods that can effectively reconstruct the

clinical details in the OCT images.

• The existing B-scan classification schemes [35, 37] have extended their methods to OCT volume
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level classification by aggregating the classification decision from the individual B-scans. Manual

threshold-based inference strategies are used to perform the aggregation of decisions. However,

it is argued that such approaches have limited usability in real-world applications, as the pre-set

threshold can be influenced by various factors like the azimuthal resolution of the OCT scanner

(number of B-scans per volume) and the severity stages of the diseases (number of pathological

B-scans in the volume). It would be interesting if the algorithm can automatically identify the salient

pathological B-scans from the volume and use those scans to make a diagnosis decision. The

threshold-based methods also require fine-grained expert annotations of each B-scan of the volume

(during training), which is usually quite expensive and challenging [110]. It would be appealing to

leverage only the coarse volume-level labels for the classification of OCT volumes.

1.5 Contributions of the Work

Motivated by the issues mentioned above, the thesis aims at developing DL-based classification meth-

ods for reliable and efficient handling of these challenges. The salient contributions are as follows.

• Deep multi-scale feature extraction has been explored to capture the diverse pathological manifesta-

tions from the OCT B-scans effectively. Two different approaches have been explored for the task. In

the first approach, a pyramidal decomposition technique is used to obtain images at different scales

and CNN based feature extractors are employed to extract the scale-specific features. These fea-

tures are fused to further mine the cross-scale discriminative information for efficient classification.

In the second approach, various dilated convolutional filters with different receptive fields extract

the scale-specific features. These features are fused attentively to obtain discriminative features for

classification. The experimental analysis shows that multi-scale feature extraction and fusion can

provide high-level discriminative features for improved classification.

• To enhance the visualization of the drusens, a simultaneous denoising and SR framework is adopted.

Recently, the GANs have shown great success in the generation of realistic images [111]. There-

fore, we have explored the use of GANs in an unsupervised scenario to build a generalizable network

with unpaired noisy LR and clean HR images. The option of using unpaired images provides flex-

ibility to leverage the already available OCT data for better generalization of the denoising and SR

performance. The experimental results on clinical-grade OCT images confirm that the proposed

method outperforms the existing methods both in terms of SR performance and computational time.
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Figure 1.7: Graphical representation of the working chapters of this dissertation.

The denoised and super-resolved images are utilized for the diagnosis of AMD using a baseline

classification model. The experimental results verify that performing SR prior to classification can

potentially improve the diagnosis performance.

• A B-scan attentive CNN framework is explored for the classification of the OCT volumes. The net-

work automatically assigns weights of importance to the salient B-scans in the volume during fea-

ture aggregation to obtain discriminative feature representation for reliable classification. The self-

attention mechanism also enables the utilization of only the volume level labels during classification.

Additionally, the attention weights demonstrate the correlation of the weights with the B-scans man-

ifesting the disease characteristics. This analysis imparts diagnostic transparency to the proposed

model which makes it reliable for clinical applications.

1.6 Organization of the Thesis

Figure 1.7 shows the graphical representation of the proposed methods that are presented in the

rest of the chapters. As shown in the figure, Chapter 2 explores multi-scale deep CNN networks for the

classification of OCT B-scan images. It presents the qualitative analysis of the multi-scale behaviour of

the retinal pathologies. Following that, the two proposed deep multi-scale feature fusion methods are

presented. To combat the imbalance in the OCT databases, a cost-sensitive loss function is explored that

ensures the proper learning of the classifiers. The performance of the models is evaluated and compared

with the existing methods. In Chapter 3 the importance of denoising and SR of the OCT images is
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discussed for the improved classification of intermediate AMD and healthy subjects. Following that, the

proposed unsupervised GAN based simultaneous denoising and SR scheme is presented. The qualitative

and quantitative analysis of the reconstruction performance is carried out for the diagnostically significant

regions of the B-scans for reliable AMD evaluation. Chapter 4 investigates the applicability of the attention

mechanism for emphasizing the pathological B-scan features for the reliable classification of the OCT

volumes. A detailed description of the B-scan attention framework for the OCT volume classification is

presented. The importance of the self-attention mechanism for obtaining the weights for the B-scans is

discussed. The performance evaluation and comparison with existing methods are also carried out. A

summary of the research work and the future directions are discussed in Chapter 5.
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2. Fusion of Deep Multi-scale Features for OCT B-scan Classification

In the previous chapter, it was discussed that the clinical manifestations of retinal diseases are highly

heterogeneous. Figure 2.1 (a) and (b) present the retinal disease characteristics at early and advanced

stages of AMD, respectively. Figure 2.1 (d) shows a few normal OCT B-scans for reference. As can be

seen from Figure 2.1 (a), the early AMD manifestations, i.e., the drusens (shown by the asterisk symbol)

have different heights and areas. Similarly, in the advanced stages, the length of the retina affected by

GA (shown by the brackets in Figure 2.1 (b)) differs across the B-scans. In most advanced cases, a com-

bination of large drusens, GA and intra-retinal fluid deposits is also observed. Figure 2.1 (c) shows a few

variations of the DME affected B-scans. It can be observed that the retinal areas affected by the intra-

retinal fluid deposits (shown by solid arrows in Figure 2.1 (c)) and the exudates (dotted arrow in Figure

2.1 (c)) are very diverse. It is difficult to effectively extract discriminative features from the highly variable

and multi-scaled disease characteristics. Most of the recent methods use single-scale approaches, where

local spatial features are extracted using CNN based feature extractors followed by classification using

FC and softmax layers [34, 37, 57, 58, 89]. Very deep neural networks with hierarchical arrangement of

convolutional layers have shown to capture the multi-scale activities in natural images [77]. However, con-

sidering the wide variabilities in the retinal disease characteristics, the low contrast and noise conditions

of the retinal images, such approaches may not be adequate for effectively representing the multi-scale

features. Also, very deep networks require large amounts of labeled training data for learning a well gen-

eralizable model. Acquisition and labeling of large-scale medical datasets have always been challenging

considering the differences in imaging protocols, privacy issues and lack of medical integration [112].

Therefore, we presume that customized multi-scale feature learning using multiple shallow CNNs cap-

turing scale-specific features and a late fusion of these features can provide improved and generalizable

classification results.

This chapter proposes two multi-scale approaches: the multi-scale deep feature fusion (MDFF) and

the learnable multi-scale deep feature fusion (LM-DFF) for powerful feature extraction and efficient clas-

sification. The MDFF method employs the multi-scale spatial pyramid (MSSP) decomposition to obtain

views of the B-scans at different scales. These multi-scale images are then fed to different CNNs to ex-

tract scale-specific features. These features are fused to obtain high-level discriminative representation

for classification. Aimed at improving the classification performance, the LM-DFF method is proposed.

The method uses multiple convolution filters with different receptive fields to obtain multi-scale features.

The learnable convolution kernels with varied receptive fields capture multi-scale information for efficient

feature encoding and classification.

The rest of the chapter is organized as follows. Section 2.1 and 2.2 present the proposed framework
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Figure 2.1: OCT images highlighting the wide variations in the retinal lesions. (a) shows the early AMD mani-
festations (drusens-asterisk) of different sizes, (b) presents the diverse pathological manifestations of advanced AMD
(GA-brackets, large drusens-asterisk and intra-retinal fluids-solid arrows), (c) highlights the different lesions of DME
(fluid deposits-solid arrow and exudates-dotted arrow) and (d) Normal images.

and the experimental results for the MDFF method, respectively. The LM-DFF method and its experi-

mental evaluation are discussed in sections 2.3 and 2.4, respectively. The summary of the chapter is

presented in section 2.5.

2.1 Multi-scale Deep Feature Fusion for OCT B-scan Classification

This section presents the MDFF approach for the classification of retinal diseases from OCT B-scans.

The block diagram of the method is shown in Figure 2.2. The method is implemented in three steps. First,

in the pre-processing step, the natural curvature of the retina is removed [44,113] followed by cropping of

the regions of interest. In the second step, the pre-processed image is decomposed into various scales

to obtain multi-scale views of the image. The deep CNN features extracted from the multi-scale images

are fused to classify the input OCT image into one of the disease categories in the final step. The details

of the different stages in the block diagram are discussed as follows.

2.1.1 Pre-processing

The retinal layers in the OCT images have a natural curvature that varies among patients. To prevent

the sensitivity of the classifier to the curvature and obtain a consistent shape of the layers, the curvature

is flattened out [113]. In this work, the flattening method proposed by Chiu et al. [43] is employed. The

flattening process starts with the estimation of the RPE. It is estimated by finding out the location of the
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Figure 2.2: Block diagram of the proposed MDFF method.
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Figure 2.3: Detailed architecture of the CNNs in the MDFF classifier.

brightest pixel (as the RPE is the most hyper-reflective layer of the retina) in each column of the B-scan.

A second-order polynomial is fitted on the obtained locations and each column of the image is shifted up

or down to obtain a flat RPE.

The diagnostic information in the OCT images is confined to the retinal layers. Therefore, each B-scan

is cropped horizontally to remove portions of the vitreous and sclera regions. The OCT B-scans are then

resized to 128 × 256 pixels for further processing. The B-scans are then normalized to have zero mean

and unit standard deviation. Figure 2.4 shows the original images (top row) and the corresponding pre-

processed images (bottom row). It can be seen that the flattening process has removed the curvature

of the retina. Some portions of the vitreous and the sclera have also been cropped, as they may not

contribute much to the classification process. The pre-processed OCT images are then fed to the MSSP

block to obtain the multi-scaled representations.
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CNV DME DRUSEN NORMAL

Figure 2.4: Original Images (top row) and pre-processed images (bottom row).

2.1.2 Multi-Scale Spatial Pyramid Decomposition

As shown in Figure 2.1, the pathological manifestations of DME and AMD have multi-scaled charac-

teristics. The drusens at the early stages of AMD are very small in size and need to be analyzed at a finer

scale. The intra-retinal fluid accumulation in DME can be visualized on a coarse scale as their homoge-

neous texture within the retinal layers stands prominent. In this work, the MSSP decomposition is used to

create multi-scale views of the input image to capture key multi-scale information for better classification.

It creates image pyramids by the sub-sampling and Gaussian low pass filtering the images at the previous

levels [114]. An input OCT B-scan B ∈ Rdm×dn is considered to be at level i = 0. Here dm and dn are the

dimensions of the image. Given the image, at level (i− 1), the image at level i is obtained as

Bi(m1,m2) =
2∑

p=−2

2∑
q=−2

wd(p, q)Bi−1(2m1 + p, 2m2 + q) (2.1)

where Bi is the image obtained at scale i and wd is the kernel function. Each value of the matrix Bi is

computed as the weighted average of the pixel values in Bi−1 within a 5 × 5 window. The weights for

the averaging process is provided by wd. In this study, the separable filter wd(p, q) = w1(p)Tw1(q) with

w1 = [1/4− a1/2, 1/4, a1, 1/4, 1/4− a1/2] and a1 = 0.375 are used [35].

2.1.3 Feature Extraction, Fusion and Classification

The MSSP decomposed images are fed to the feature fusion and classification stage to obtain the

diagnosis output. As the exact scale of the pathological manifestations is unknown, multiple scaled rep-

resentations of the input image are fed to different CNNs to effectively represent the multi-scaled disease

features. Figure 2.2 shows that the decomposed images,Bi, i ∈ {0, 1, ..., N} are fed to the corresponding

CNNs (CNNi, i ∈ {0, 1, ..., N}) for extracting scale-specific information. Here N+1 represents the number

of decomposed image scales and hence the number of CNNs used for feature extraction. Mathematically,

25TH-2540_166102012



2. Fusion of Deep Multi-scale Features for OCT B-scan Classification

the output feature vector (fci) for the CNNi can be represented as

fci = f(Bi;θci) (2.2)

where f(.) is a composite function representing the multiple linear and non-linear operations of the CNN

and θci represents the learnable parameters of the CNNi. The number of decomposed image scales and

the number of CNNs for feature extraction are set through experimentation. In this work, three image

scales are used. The network architecture of the three CNNs, i.e., CNNi, i ∈ {0, 1, 2} are provided in

Figure 2.3. The network architecture for CNN3 is also provided in Figure 2.3 as it will be used for ablation

study in section 2.2.3. The variables k, n and s represent the kernel size, the number of filters and

the stride for the convolution operations. Each of the convolutional layers in the CNNs is followed by

batch normalization (BN), rectified linear unit (ReLU) activation and pooling layers. The BN after each

convolution layer ensures fast and stable training [115]. The ReLU layer maintains the sparsity of the

convolution kernel [116,117]. The sub-sampling of the feature maps using max-pooling with a kernel size

of two makes the features position and rotation invariant. More details on the different components of the

CNN are provided in Appendix B. As shown in Figure 2.3, the number of convolution filters doubles with

the increasing depth for each of the CNNs. This design is inspired by the architecture of the VGG16 [77],

which is one of the best performing classifiers for object detection. A two-fold increment is also introduced

in the number of the convolutional filters as we move across scales at a particular convolution layer. This

helps the classifier to learn distinct features across scales. In the end, FC layers with 15 neurons are

employed to summarize the convolutional feature maps at different scales.

The outputs of the CNNs (CNNi, i ∈ {0, 1, 2}) are then fused through concatenation to encode the

multi-scale feature information. The fused feature vector can be represented as fmf = [fc0 ,fc1 , ...,fcN ].

The fusion of features from multiple scales can capture the inter-scale variations introducing complemen-

tary information to the classifier. It also transforms the feature representation to higher dimensions with

increased non-linearity, thereby assuring better discrimination capability of the classifier. In the end, fmf

is fed to the output FC layer with softmax activation to obtain the class probabilities for the input image B.

The probability distribution, pmf of the output categories obtained at the output layer is given as

pmf (c|B) = Softmax(W0fmf + b0) (2.3)

where pmf (c|B) represents the probability of B belonging to class c, c ∈ {1, 2, ..., C}, C is the number of

output categories, W0 ∈ RC×dmf and b0 ∈ RC×1 are the weights and biases of the output layer. dmf is

26TH-2540_166102012



2.1 Multi-scale Deep Feature Fusion for OCT B-scan Classification

the dimension of the fused feature vector fmf . The final predicted label for the image B is obtained as

class(B) = argmax
c=1,2,...,C

pmf (c|B). (2.4)

Training Loss Optimization: Conventionally, the categorical cross-entropy loss between the probabilistic

output and one hot encoded label for a set of training samples is minimized to learn the network parame-

ters of the model [118]. Mathematically, the categorical cross-entropy loss is formulated as

L = − 1
M

M∑
m=1

C∑
c=1
I(ym = c) log pmf (c|Xm) (2.5)

where (Xj , yj), j ∈ {1, 2, ...,M} are the training examples, M is the number of training examples and I(.)

is an indicator function which is equal to one if ym equals to c.

The clinical OCT datasets are often imbalanced as some diseases occur less frequently than others.

The imbalance in the datasets can bias the classification result towards the majority classes, thereby

leading to poor detection of the minority class samples. To tackle this issue, a cost-sensitive loss function

is employed instead of the categorical cross-entropy loss while training the classifier [119–121]. A class

weighted categorical cross-entropy loss is used that penalizes the class errors differently. Specifically, the

minority class errors are privileged with a higher weight value than the majority class samples’ errors. The

class weighted categorical cross-entropy loss function (Lw) is defined as

Lw = − 1
M

M∑
m=1

C∑
c=1

wc I(ym = c) log pmf (c|Xm) (2.6)

where wc is the weight assigned to the classification errors of samples from class c. The weight for a

particular class c is computed as

wc = number of training samples in the majority class
number of training samples in class c

. (2.7)

It can be observed from Eq. 2.7, that the weights are inversely proportional to the class distribution.

Lw assigns a higher weight to the training examples of the class with low sample size. The reason for

choosing weights in this manner is to treat one instance of class c as wc instances of the majority class.

The obtained weights equalize the degree of the impact of the losses from the individual classes towards

the total loss.
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Table 2.1: Details of the databases used for evaluation.

Database Acquisition System Scan type Axial Resolution No. of Subjects Classes Volumes/class B-scans/class

UCSD [34]
Spectralis OCT, Heidelberg

Foveal B-scan - 4686

Drusen

-

8866

CNV 37455

Engineering, Germany DME 11598

Normal 26565

NEH [35] Heidelberg SD-OCT imaging systems Volume 3.5µm 148

AMD 48 1296

DME 50 1086

Normal 50 1578

2.2 Experimental Results for the MDFF Method

In this section, the details of the databases used for evaluation, the performance measures and the

ablation study are presented. Following that, the details of the existing methods used for performance

comparison and the results are discussed.

2.2.1 Clinical Database

The proposed method is evaluated on two publicly available databases: the UCSD dataset [34] and

the NEH dataset [35]. The UCSD dataset contains 84,484 OCT B-scan images from 4686 retrospective

cohorts. The database contains labeled OCT B-scans from two AMD stages (drusens-early and CNV-

advanced), DME and healthy controls. Precisely, the dataset consists of 8866, 37455, 11598 and 26565

OCT B-scan images from drusen, CNV, DME and normal categories, respectively. The NEH dataset

comprises 148 SD-OCT volumes (48 AMD, 50 DME and 50 normal subjects). A total of 1296, 1086,

and 1578 B-scans are extracted from the OCT volumes for AMD, DME, and normal classes, respectively.

Additional details about the databases are presented in Table 2.1.

2.2.2 Evaluation Scheme and Performance Measures

In this work, 10-fold and 5-fold cross-validation protocols are considered for the UCSD and the NEH

databases, respectively. Cross-validation ensures generalizable results and prevents overfitting or bias to

specific portions of the databases. Considering the limited sample size of the NEH dataset, the training

B-scan images are augmented by horizontally flipping for efficient learning. It is worth mentioning that no

augmentation is carried out for the testing folds of the NEH dataset. The UCSD database exhibits class

imbalance with its varied class distribution. Therefore, the class weighted categorical cross-entropy loss

is used for reliable training. The conventional categorical cross-entropy loss is used for training the model
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Table 2.2: A multi-class confusion matrix

Predicted output
1 2 ... C

Actual output

1 u11 u12 ... u1C
2 u21 u22 ... u2C
. . . ... .
. . . ... .
. . . ... .
C uC1 uC2 ... uCC

on the NEH dataset. The classification performance is evaluated using the class-wise and the overall

measures derived from the confusion matrix. Table 2.2 shows the representation of a multi-class confusion

matrix with entries uab representing the number of samples from the test set originally belonging to class

a and classified as class b where a, b ∈ {1, 2, ..., C}. The class-wise measures include the sensitivity

(SE), the precision (PR) and the F1 score. The mathematical formulation of these measures are given in

Eq. 2.8 where SEa, Pa and the F1 scorea are the class-wise sensitivity, precision and F1 score for class

a, a ∈ {1, 2, ..., C}. The overall measures used are the overall sensitivity (OS), the overall precision (OP),

the overall F1 score (OF1) and the overall accuracy (OA) and are computed as shown in Eq. 2.9.

SEa = uaa∑C
e=1 uae

Pa = uaa∑C
e=1 uea

F1 scorea = 2× SEa × Pa
SEa + Pa

(2.8)

OS = 1
C

C∑
e=1

SEe OP = 1
C

C∑
e=1

Pe OF1 = 1
C

C∑
e=1

F1 scoree (2.9)

The area under the curve (AUC), the Cohen’s Kappa [122] and the run time are also analyzed for the

proposed and the existing methods.

2.2.3 Network Parameters and Ablation Study

The pre-processed OCT images are provided to the MSSP module for extracting multi-scale repre-

sentations from the input OCT B-scans. These representations are provided as input to different CNNs to

extract scale-specific features. The network details of the CNNs are provided in Figure 2.3. The number

of CNNs (CNNi, i ∈ {0, 1, ..., N}) used in the method is fixed through experimentation. Table 2.3 shows

the classification performance for the increasing number of CNNs in the MDFF method for the UCSD

database. An improvement in the classification performance is observed for the fusion of three scales

over two scales. It is also observed that the number of trainable parameters increases as the features
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Table 2.3: The effect of number of CNNs on the overall classification performance for the MDFF method on the
UCSD database.

Scale combinations OP (%) OS (%) OA (%) # parameters

CNN0-CNN1 91.92 91.98 94.37 40984

CNN0-CNN1-CNN2 92.51 93.01 94.74 63187

CNN0-CNN1-CNN2-CNN3 92.91 93.05 94.79 82846

The bold entity indicates the selected scale combination for the proposed method.

Table 2.4: The effect of multi-scale features on the overall classification performance for the MDFF method.

Database Configuration OP (%) OS (%) OA (%)

UCSD

CNN0 91.13 92.60 93.94

CNN1 90.73 90.23 93.15

CNN2 88.49 87.64 91.57

MDFF 92.51 93.03 94.74

NEH

CNN0 93.35 93.03 93.19

CNN1 96.17 96.35 96.23

CNN2 95.10 94.43 94.84

MDFF 97.09 97.01 97.10

The bold values show the performance of the proposed method.

from different scales are appended. Therefore, it is essential to find a trade-off between the classification

accuracy and the computational burden. It can be seen from Table 2.3, that performance improvement

of the fusion of four scales over the three scales is minimal. However, the computational load increases

from learning 63187 to 82846 parameters. Hence, to reduce the computational burden and still obtain a

reliable classification performance, we consider the fusion of three scales, i ∈ {0, 1, 2} for the proposed

framework.

The proposed network is implemented using Keras with a TensorFlow backend. The model is trained

with an Adam [123] optimizer with a learning rate of 10−3 on mini-batches of size 32 for 69080 iterations.

An NVIDIA Tesla V100 graphical processing unit (GPU) is used to perform the experiments.

To analyze the contribution of the different components of the model, we evaluate the proposed MDFF

method with some variations.

Significance of multi-scale feature fusion: To verify the effectiveness of multi-scale feature extraction

and fusion, we compare the classification performance with the single-scale frameworks. The single-scale

frameworks classify the macular pathologies by considering input images from only one scale. For this

experiment, we define each CNNi, i ∈ {0, 1, 2} as the single-scale CNNs learned with the OCT images

at scale i for classification. The network architecture of the CNNi is the same as employed for the MDFF

classifier until the FC layer. An output layer with a softmax activation function is used after the FC layer
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Table 2.5: The effect of cost-sensitive learning on classification performance for the MDFF method on the UCSD
database.

Method Class Sensitivity (%) Specificity (%) G-mean (%)

CNV 96.92 97.15 97.03

MDFF DME 92.51 98.59 95.50

(categorical cross entropy) DRUSEN 83.08 98.59 90.50

NORMAL 96.81 98.84 97.82

CNV 95.25 97.89 96.56

MDFF DME 91.78 98.93 95.29

(class weighted DRUSEN 87.28 98.10 92.53

categorical cross entropy) NORMAL 97.74 97.85 97.79

for classification. A dropout factor of 0.5 is used prior to the output layer to prevent overfitting. The single-

scale frameworks are trained individually with similar hyper-parameter settings (optimizer, learning rate,

iterations) as the proposed method. Table 2.4 shows the overall classification performance of the single-

scale CNNs and the MDFF method for the UCSD and the NEH datasets. As can be seen, the proposed

multi-scale approach outperforms the single-scale methods. This verifies that the multi-scale features im-

prove the discrimination ability of the classifier, thereby providing better performance.

Significance of the cost-sensitive learning: The effects of the class weighted categorical cross-entropy

loss function on classification are analyzed. The loss function is supposed to improve the detection sensi-

tivity for the minority class samples. We compare the classification results obtained by using the conven-

tional and the class weighted categorical cross-entropy losses for the UCSD database and the results are

shown in Table 2.5. The sensitivity, specificity and G-mean metrics are used for evaluation. The G-mean

is a popularly used measure to validate the imbalanced datasets [124,125]. It can be observed that there

is an improvement in the sensitivity of the drusen class from 83.08% to 87.28% while learning the MDFF

classifier using the class weighted categorical cross-entropy loss over the conventional categorical cross-

entropy loss. Similar improvements are also observed for the G-mean. Therefore, it can be inferred that

the class weights aid in improving the detection rate of the minority class without affecting the detection

rate of the majority class significantly.

2.2.4 Existing Methods used for Performance Comparison

To verify the effectiveness of the proposed method, we compare it with the following existing methods.

• Feature based method: The proposed method is compared with the popularly used feature-based

HOG+SVM method [36]. The HOG features for the pre-processed input OCT images are computed
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for a cell size of 16 × 16 with 9 histogram bins. The obtained feature vectors have 3780 dimensions

for input images of size 128 × 256 for a block size of 2 × 2 cells with 50% overlap. The obtained

feature descriptors are provided to the SVM classifier for obtaining the class predictions.

• Transfer learning based methods: Transfer learning models like the VGG16 [77] and the Incep-

tionV3 [34] are used in this study. The fine-tuning of these models is carried out by resizing the

input OCT images to 224 × 224 pixels and replacing the network’s output layer neurons with the

number of classes (four and three for the UCSD and NEH dataset, respectively). All the network

parameters except the output layer are frozen. The Adam [123] optimizer is used for fine-tuning on

mini-batches of size 32 for 69080 iterations. The fine-tuned models are then employed to obtain the

class predictions for the test images.

• State-of-the-art OCT classification methods: Recent state-of-the-art OCT classification methods

like the IFCNN [56], the LGCNN [89] and the multi-scale convolutional mixture of experts (MCME)

[35] are used for comparison. The IFCNN and the LGCNN are single-scale approaches originally

proposed and evaluated on the UCSD database. The results for these methods are directly taken

from the research articles, as a similar evaluation strategy on the same dataset is adopted in this

chapter. The MCME is a multi-scale CNN framework originally proposed for the NEH database. As

the evaluation strategy of the proposed method is slightly different from that presented in the [35],

the network parameters of the MCME method are learned on the NEH database with the same

hyper-parameters as the proposed method for a fair comparison.

2.2.5 Results on the UCSD Database

Table 2.6 shows the quantitative classification performance of the proposed and the existing methods

on the UCSD database using the 10-fold cross-validation scheme. As can be seen, the DL based methods

achieve better performance compared to the feature-based HOG+SVM method. This is because the

HOG can only extract limited gradient and texture features from the OCT images, which are not sufficient

for reliable classification. On the other hand, the learnable convolution kernels, the multiple layers of

representation and the non-linear modules of the deep CNN frameworks encode high-level discriminative

feature representations leading to improved performance [71]. Although the deep models perform well,

the transfer learning frameworks (VGG16 and InceptionV3) show limited performance compared to the

proposed method (see Table 2.6). This is because these networks are pre-trained on natural images and

may not be suitable for capturing clinical features from medical images like OCT.
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Table 2.6: Performance evaluation of the proposed MDFF and the existing methods on the UCSD database using
10-fold cross-validation.

Method Class SE (%) PR (%) F1 score (%) OS/OP/OF1/OA (%) AUC/Kappa Avg. Test Time/image (ms)

HOG+SVM [36]

CNV 89.35 ± 0.41 91.33 ± 0.33 90.28 ± 0.45 80.81 ± 0.49

0.4 ± 0.001
DME 81.19 ± 1.51 78.79 ± 1.03 79.97 ± 1.12 80.20 ± 0.53 0.88 ± 0.003

(feature based) Drusen 61.99 ± 1.10 61.06 ± 1.28 61.52 ± 1.09 80.45 ± 0.49 0.79 ± 0.005

Normal 90.57 ± 1.21 89.34 ± 0.57 89.99 ± 0.42 85.78 ± 0.36

VGG16 [77]

CNV 86.26 ± 5.14 95.09 ± 1.76 90.34 ± 2.09 84.26 ± 1.00

34.9± 0.1
DME 84.53 ± 6.73 79.47 ± 8.63 81.29 ± 2.38 80.98 ± 2.77 0.890 ± 0.55

(Transfer learning) Drusen 77.83 ± 6.29 56.53 ± 9.48 68.66 ± 10.88 81.69 ± 2.31 0.788 ± 0.04

Normal 88.41 ± 5.11 92.85 ± 1.68 90.42 ± 2.15 86.03 ± 2.72

InceptionV3 [34]

CNV 94.84 ± 1.12 95.7 ± 0.67 95.18 ± 0.49 90.26 ± 0.47

39.48 ± 0.5
DME 89.33 ± 1.54 79.47 ± 1.43 89.88 ± 0.49 90.14 ± 0.67 0.939 ± 0.003

(Transfer learning) Drusen 80.82 ± 2.11 79.47 ± 2.99 80.07 ± 0.93 90.17 ± 0.28 0.896 ± 0.004

Normal 96.07 ± 0.74 94.95 ± 0.60 95.50 ± 0.29 93.01 ± 0.27

IFCNN [56]

CNV 94.80 ± 1.90 87.90 ± 4.30 90.90 ± 2.90 82.50 ± 3.00

- -
DME 79.20 ± 8.90 81.90 ± 6.80 97.20 ± 1.00 84.70 ± 2.40

(Single-scale) Drusen 64.40 ± 8.4 76.80 ± 7.20 97.30 ± 0.80 -

Normal 91.50 ± 3.00 92.20 ± 4.70 96.40 ± 2.00 87.30 ± 2.20

LGCNN [89]

CNV 93.30 ± 0.90 91.50 ± 2.40 93.30 ± 1.70 84.60 ± 2.10

- -
DME 85.70 ± 2.60 79.40 ± 3.70 96.80 ± 0.50 82.90 ± 1.80

(Single-scale) Drusen 71.00 ± 6.60 65.20 ± 5.10 96.00 ± 0.60 -

Normal 88.50 ± 2.70 95.50 ±2.40 97.90 ± 1.10 88.40 ± 1.30

MDFF

CNV 95.91 ± 1.31 96.65 ± 0.92 96.27 ± 0.31 92.56 ± 1.06

5.03 ± 0.13
DME 91.56 ± 1.46 92.49 ± 1.96 92.00 ± 0.61 92.43 ± 1.23 0.954 ± 0.005

(Proposed) Drusen 86.62 ± 3.59 85.23 ± 4.05 85.28 ± 0.96 92.48 ± 0.43 0.919 ± 0.005

Normal 96.92 ± 1.01 95.78 ± 0.91 96.34 ± 0.25 94.57 ± 0.35

The bold values show the performance of the proposed method.

Compared to the single-scale state-of-the-art OCT classification methods like the IFCNN and the

LGCNN, the proposed MDFF method performs favorably well with a minimum improvement of nearly

2.5% in OS, 1.6% in OA and 3.3% in kappa values. The method attains an OS, OP and OA of 92.56%,

92.43%, and 94.57%, respectively, without compromising on the class-wise detection rates. A slight drop

in the SE, PR and F1 score is observed for the results of the proposed method on the drusen class. This is

because the drusens are early manifestations of AMD having a small size and sparse distribution. These

subtle clinical changes are often indistinguishable from normal OCT images. The drusens also show high

visual similarity to the CNV class as drusens also manifest in CNV. However, compared to the existing

methods, the detection rate for the drusen class is higher for the proposed approach.

33TH-2540_166102012



2. Fusion of Deep Multi-scale Features for OCT B-scan Classification

Table 2.7: Performance evaluation of the proposed MDFF and the existing methods on the NEH database using
5-fold cross-validation.

Method Class SE (%) PR (%) F1 score (%) OS/OP/OF1 (%) OA (%) AUC/Kappa Avg. Test Time/image (ms)

HOG+SVM [36]
AMD 81.87 ± 3.23 84.23 ± 1.58 82.99 ± 1.83 84.53 ± 1.04

84.85 ± 0.90
0.883 ± 0.007

0.4 ± 0.001(Feature based) DME 83.52 ± 3.54 88.15 ± 0.86 85.74 ± 1.90 85.25 ± 0.75
0.769 ± 0.01

Normal 88.21 ± 1.82 83.35 ± 1.89 85.69 ± 1.03 84.81 ± 0.92

VGG16 [77]
AMD 90.19 ± 1.47 91.57 ± 2.48 90.87 ± 1.81 92.67 ± 1.18

92.75 ± 1.20
0.945 ± 0.009 36.04 ± 0.36

(Transfer learning) DME 93.46 ± 2.89 93.93 ± 1.62 93.67 ± 1.19 92.82 ± 1.21
0.889 ± 0.02

Normal 94.24 ± 1.85 93.00 ± 0.84 93.64 ± 1.11 92.45 ± 1.25

InceptionV3 [34]
AMD 95.37 ± 0.98 94.82 ± 1.65 95.08 ± 0.53 96.02 ± 0.38

96.06 ± 0.41
0.969 ± 0.003 42.8 ± 1.63

(Transfer learning) DME 96.13 ± 1.06 97.41 ± 1.26 96.75 ± 0.56 96.15 ± 0.31
0.94 ± 0.006

Normal 96.58 ± 1.09 96.22 ± 0.89 96.39 ± 0.80 96.08 ± 0.36

MCME [35]
AMD 88.96 ± 3.69 87.66 ± 3.03 88.24 ± 2.09 89.57 ± 1.98

89.79 ±1.9
0.921 ± 0. 015

6.82 ± 0.01(Multi-scale) DME 88.12 ± 2.21 93.84 ± 2.22 90.84 ± 1.85 90.26 ± 1.70
0.844 ± 0. 029

Normal 91.64 ± 1.95 89.35 ± 4.69 90.42 ±2.48 89.83 ± 1.85

MDFF
AMD 97.45 ± 0.85 97.23 ± 0.77 97.34 ± 0.69 97.51 ± 0.46

97.57 ± 0.43
0.982 ± 0. 004

6.34 ± 0.43(Proposed) DME 97.05 ± 0.76 97.59 ± 1.08 97.33 ± 0.83 97.56 ± 0.45
0.963 ± 0. 007

Normal 98.03 ± 0.34 97.85 ± 0.34 97.84 ± 0.37 97.54 ± 0.45

The bold values show the performance of the proposed method.

2.2.6 Results on the NEH Database

Table 2.7 shows the classification results of the proposed and the existing methods on the NEH

database. A performance trend similar to the UCSD database is observed for the NEH dataset as well.

As can be seen, the proposed MDFF method outperforms the existing methods. It can be observed that

the method achieves an OS, OP and OA of 97.51%, 97.56% and 97.57%, respectively. Although the

MCME presents a promising multi-scale approach, its low performance might be attributed to the choice

of network architecture. The method uses only a few filters in the convolutional layers, which may not be

sufficient to effectively capture diverse clinical features.

The proposed method outperforms the feature-based (HOG+SVM) method, transfer learning approaches

(VGG16 and InceptionV3) and MCME with a large margin of nearly 14.9%, 5.2%,1.6% and 8.6% in OA,

respectively. Similar improvements in performance can be observed for other measures as well. It can

also be observed from Table 2.7 that the proposed method has a small variance in measures across the

5 folds, thereby highlighting the excellent generalization of the model.

Tables 2.6 and 2.7 also present the average time taken by the method to generate the classification

outputs. These measurements are taken from a system with 16 GB RAM and Quadro K600 graphics

processor. It can be observed that bulky networks like the VGG16 and the InceptionV3 take the largest

amount of time (more than 34 ms) to generate a class prediction. Similarly, the less complex HOG+SVM

takes the least test run time of 0.4 ms. The MCME also has a significantly low test run time as it has a very
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light-weight architecture. The MDFF method takes an average test run time of nearly 6 ms to produce the

diagnosis decision.

The improved classification performance of the MDFF method can be attributed to the multi-scale

feature extraction and fusion strategy that enabled the mining of cross-scale discriminative features for

efficient classification. The method employs a fixed multi-scale transform method to obtain the multi-scale

representations. It would be interesting to study the performance of the classifier when the network is

allowed to learn the multi-scale representations automatically. Therefore, in the following section, we

propose the LM-DFF method that explores learnable convolutional kernels with different receptive fields

to obtain the multi-scale representations for efficient classification of the OCT images.

2.3 Learnable Multi-scale Deep Feature Fusion for OCT B-scan Clas-

sification

In this approach, the multi-scale features from the OCT B-scans are extracted using multiple convo-

lution filters with different receptive fields. These convolutional filters encode the varied scale-specific

features, which are aggregated in the end to capture cross-scale information for improved classification.

A joint multi-loss optimization approach is then utilized to enable the network to effectively learn the scale-

specific and complementary cross-scale features from the OCT images. The pipeline of the proposed

framework is shown in Figure 2.5. As can be seen from the figure, the method consists of 4 modules,

namely, the CNN backbone, the multi-scale feature extraction, the feature fusion and classification and

the joint multi-loss optimization. The details of each of the modules are described as follows.

2.3.1 CNN Backbone

In this module, low-level feature representations are extracted from the input B-scan image B. As can

be seen from Figure 2.5, a stack of learnable convolutional kernels is used to encode the local spatial

features from the OCT image. The convolutional layers are followed by a max-pooling layer to reduce

the spatial dimensions by fusing the neighborhood spatial information. Mathematically, the output feature

maps of the CNN backbone Fc can be represented as

Fc = f(B;θb) (2.10)
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Figure 2.6: Network architecture of the SS-CNN.

where f(.) is the composite function representing the multiple linear and non-linear operations of the CNN

backbone, θb represents the learnable parameters of the backbone network. The feature maps obtained

from the CNN backbone are provided to the multi-scale feature extraction module to extract scale-specific

features.

2.3.2 Multi-scale Feature Extraction

This module automatically learns the disease-related features using a series of scale-specific CNNs

(SS-CNNs), Si, i ∈ {1, 2, ..., N}. Here, N represents the number of SS-CNNs used in the framework.

Each of the SS-CNNs has different receptive fields to effectively capture the multi-scaled pathological

characteristics. To achieve the varied receptive fields, dilated convolution [126] is adopted in this work.

Mathematically, the 2D dilated convolution can be defined as

z(p1, p2) =
∑
l1

∑
l2

x(p1 + d.l1, p2 + d.l2)w(l1, l2). (2.11)
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Figure 2.7: Visualization of the convolution kernels with different dilation rates.

Here, x is the input, w ∈ Rk×k is the convolution kernel, d is the dilation rate and z is the output of the

dilated convolution. Eq. 2.11 can be interpreted as the convolution of input x with a dilated filter. The

dilated filter is obtained by inserting holes (zeros) between the kernel elements of w based on the dilation

factor. The effective kernel size k′ of the dilated filter for a dilation rate d is given as k′ = (k − 1)d + 1.

Figure 2.7 shows the visualization of a 3 × 3 convolution kernel with different dilation rates. As can be

seen from the figure, (d − 1) zeros are inserted between the kernel elements for a dilation rate of d. It

can be observed that the effective receptive field of the convolutional kernel increased from 3× 3 to 5× 5

and 7 × 7 for the dilation rates of 2 and 3, respectively. The obtained dilated filters with holes reduce the

redundant feature encoding and can help in learning discriminative features. The spacing between the

kernel elements introduced by the dilation rate increases the receptive field without much increase in the

network parameters compared to the traditional convolutions.

The SS-CNNs, Si, i ∈ {1, 2, ..., N} in the proposed framework employ 2D dilated convolutions with

dilation factors of i to extract high-level multi-scale representative features. The network architecture

of Si is provided in Figure 2.6. Multiple Sis, i ∈ {1, 2, ..., N} are used to extract discriminative feature

representations from the disease regions effectively.

The output convolutional feature map (Fsi) for each Si is given as

Fsi = fi(Fc;θsi) (2.12)

where fi(.) is the function representing Si, θsi represents the trainable parameters of the convolution filters

of Si. Based on experimentation, three Sis, i ∈ {1, 2, 3} are considered to obtain the classification results.

The experimental analysis for the choice of the number of SS-CNNs is provided in Section 2.4.1.
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2.3.3 Feature Fusion and Classification

The convolutional feature maps obtained by the SS-CNNs are fused to mine the cross-scale comple-

mentary clinical information for robust feature extraction. The fusion is performed using the concatenation

operation and the multi-scale fused features are obtained as

Fmf = [Fs0 ,Fs1 , ...,FsN ]. (2.13)

To strengthen the representation power of the fused multi-scale features, the channel attention mechanism

is explored. It improves the quality of the feature representations by explicitly modeling inter-dependencies

between the channels. In this work, the SE unit [97] is adopted to improve attention to the informative

feature maps generated by the feature fusion [96]. The SE unit selectively emphasizes the informative

features and suppresses the less useful ones [97]. The weights of importance for the feature maps

are obtained by first squeezing the global spatial information using the global average pooling (GAP).

The aggregated information in the squeeze operation is then used as input to FC layers to obtain the

recalibration weights. The channel attentive feature maps (Fatt) are obtained by rescaling Fmf with the

obtained weights.

Finally, global pooling is applied to summarize the channel attentive convolutional feature maps by

squeezing the spatial dimensions. Here, both GAP and global max-pooling (GMP) [127] are used for fea-

ture summarization. The GAP can encode the overall average information of the spatial feature maps and

the GMP can effectively extract discriminative features from the spatial dimensions. The final integrated

feature vector hm ∈ Rdh×1 is obtained as

hm = Pa(Fatt) + Pm(Fatt) (2.14)

where Pa(.) and Pm(.) are the GAP and GMP operations, respectively. Finally, hm is fed to an FC output

layer with softmax activation to obtain the probability distribution of the output categories as

pf (c|B) = Softmax(Whm + b) (2.15)

where pf (c|B) represents the probability of B belonging to class c, c ∈ {1, 2, ..., C}, C is the number of

output categories, W ∈ RC×dh and b ∈ RC×1 are the weights and biases of the output layer. The final

38TH-2540_166102012



2.3 Learnable Multi-scale Deep Feature Fusion for OCT B-scan Classification

predicted label for the image B is obtained as

class(B) = argmax
c=1,2,...,C

pf (c|B). (2.16)

2.3.4 Joint Multi-Loss Optimization

To effectively learn the network parameters for encoding scale-specific and cross-scale information,

two loss functions are used, namely, the multi-scale fusion loss (Lf ) and the ensemble scale-specific

loss (Le). Lf optimizes the complementary information across the scales. It is obtained by minimizing

the categorical cross-entropy loss (Eq. 2.17) between the probabilistic output obtained at the feature

fusion and classification module and one hot encoded labels for a set of training samples (Xj , yj), j ∈

{1, 2, ...,M} and M is the number of training examples. It is given as

Lf = − 1
M

M∑
m=1

C∑
c=1

wc I(ym = c) log pf (c|Xm) (2.17)

where wc are the weights assigned to the errors of training samples of class c and I(.) is an indicator

function which is equal to one if ym equals to c.

To enable the SS-CNNs to learn discriminative scale-specific features, individual supervision is pro-

vided to each of the Sis. The convolutional feature maps Fsi of each Si is summarized using the GAP

and an output FC layer with softmax activation (see Figure 2.5) to obtain the scale-specific predictions psi .

The scale-specific loss Lsi for the CNN backbone→ Si → GAP→ FC+Softmax sub-network is given as

Lsi = − 1
M

M∑
m=1

C∑
c=1

wc I(ym = c) log psi(c|Xm). (2.18)

The ensemble scale-specific loss Le is computed as the sum of the all the scale-specific losses and is

given as

Le =
N∑
i=1

Lsi . (2.19)

A joint loss optimization strategy is adopted to simultaneously balance the scale-specific and complemen-

tary cross-scale learning. The final objective function is given as follows.

Lt = Lf + λLe (2.20)
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where λ is the constant factor weighting the losses. In this work, λ =1 is chosen.

At the end of the training process, the CNN backbone, multi-scale feature extraction, feature fusion

and classification modules are utilized for generating class labels for the unseen test OCT B-scans. In the

following section, the performance of the LM-DFF method is analysed and the comparison results with

the MDFF method are presented.

2.4 Experimental Results for the LM-DFF Method

In this section, we present the details of the network parameters, the ablation study and the comparison

results.

2.4.1 Network Parameters and Ablation Study

Similar to the MDFF method, the input OCT images are pre-processed by flattening of the retinal

curvature, cropping and resizing the images to 128 × 256 pixels [35]. The pre-processed images are

provided as input to the proposed LM-DFF framework. The details of the network architecture of the

proposed method are provided in Figure 2.5 and 2.6. The variables k, n, s and d represent the kernel

size, the number of filters, the stride and the dilation rate for the convolution operations. It is to be noted

that each convolution layer in the network is followed by BN and ReLU activation layers. In this work,

the number of the SS-CNNs (Si, i ∈ {1, 2, ..., N}) are set through experimentation. Table 2.8 shows the

classification performance of the proposed framework on the UCSD database with the increasing number

of the SS-CNNs. The performance is compared in terms of OP, OS, OA and number of parameters. It can

be observed that classification performance increases as the number of SS-CNNs increases. The scale

combinations S1 − S2 − S3 generate improved OA over the S1 − S2 combination. It is also observed that

the number of parameters in S1 − S2 − S3 − S4 is quite high compared to the S1 − S2 − S3 combination

with only minimal improvement in the classification performance. Therefore, in this work, the number of

SS-CNNs is set to three with i ∈ {1, 2, 3}.

The network is developed using Keras with a TensorFlow backend. The model is trained with an

Adam [123] optimizer with a learning rate of 10−3 on mini-batches of size 32 for 69080 iterations. An

NVIDIA Tesla V100 GPU is used to perform the experiments.

The ablation study for the proposed LM-DFF method is given as follows.

Significance of the multi-scale feature extraction: The classification performance of the proposed LM-

DFF method is effectively improved by the multi-scale feature extraction that can encode complementary
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Table 2.8: The effect of number of SS-CNNs on the overall classification performance for the LM-DFF method on
the UCSD database.

Scale combinations OP (%) OS (%) OA # parameters

S1-S2 93.45 94.08 95.41 45168

S1-S2-S3 94.01 95.56 96.17 67363

S1-S2-S3-S4 94.68 95.01 96.25 89630

The bold entity indicates the selected scale combination for the LM-DFF method.

Table 2.9: The effect of multi-scale features on the overall classification performance for the LM-DFF method.

Database Configuration OP (%) OS (%) OA (%)

UCSD

S1 89.34 93.07 93.00
S2 93.65 94.14 95.57
S3 92.29 94.60 95.07

LM-DFF 94.01 95.56 96.17

NEH

S1 98.51 98.50 98.49
S2 98.52 98.40 98.48
S3 98.56 98.41 98.49

LM-DFF 99.57 99.66 99.62

The bold values show the performance of the proposed method.

cross-scale information. To substantiate this claim, we compare the classification performance of the pro-

posed LM-DFF method with the single-scale frameworks. The single-scale frameworks employ the CNN

backbone, an SS-CNN followed by GAP and FC layer with softmax activation to obtain the classification

output. The network architecture of a single-scale network can be given as CNN backbone→ Si → GAP

→ FC+Softmax. For this study, three such networks with different Sis, i ∈ {1, 2, 3} are considered. The

proposed LM-DFF also employs these three SS-CNNs for constructing the multi-scale network. Each of

these single-scale networks is trained individually with the same hyper-parameter settings as the proposed

LM-DFF method.

Table 2.9 shows the overall classification performance of the single-scale approaches and the pro-

posed LM-DFF method on the UCSD and the NEH databases. As can be seen, the LM-DFF method

achieves improved classification results compared to the single-scale frameworks. This verifies that the

multi-scale framework improves the discrimination capability of the network by encoding disease-related

features well.

Significance of the attention-based feature fusion: To verify the usefulness of channel attention in the

feature fusion module, the results for the method without attention (w/o attention) are obtained. For this

experiment, the channel attention operation before the global pooling is removed, keeping the rest of the

network unchanged in the training stage. The experimental results are shown in Table 2.10. Compared

to the model w/o attention, the proposed method attains an improvement of 1.4% and 1% in terms of the
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Table 2.10: The effect of channel attention on the overall classification performance for the LM-DFF method.

Database Configuration OP (%) OS (%) OA (%)

UCSD
w/o Attention 93.78 94.28 95.66

LM-DFF 94.01 95.56 96.17

NEH
w/o Attention 98.76 98.64 98.74

LM-DFF 99.57 99.66 99.62

The bold values show the performance of the proposed method.

Table 2.11: The effect of joint loss optimization on the overall classification performance for the LM-DFF method.

Database Configuration OP (%) OS (%) OA (%)

UCSD
λ = 0 93.49 95.22 95.77

λ = 1 94.01 95.56 96.17

NEH
λ = 0 98.87 98.79 98.87

λ = 1 99.57 99.66 99.62

The bold values show the performance of the proposed method.

OP on the UCSD and the NEH datasets, respectively. Similar improvements are also observed for the

OS and OA on both the databases. The impressive results verify that the attention module helps to mine

discriminative features and improves classification performance.

Significance of the joint multi-loss optimization: The joint multi-loss optimization adopted in the LM-

DFF method combines the fusion and the scale-specific losses as given in Eq. 2.20. The contribution of Le

to the total loss is dependent on the hyper-parameter λ. Hence, we evaluate the sensitivity of the model’s

performance to the variation of λ. Table 2.11 presents the classification results for the proposed model

trained with λ = 0 (no contribution of Le) and λ = 1 (complete contribution of Le). Experimental results

show that improved performance is obtained when λ is set to 1. This verifies the importance of combining

the fusion and the scale-specific losses to effectively learn within and across scale discriminative features

for reliable classification.

2.4.2 Results on the UCSD and NEH Databases

In this section, the performance comparison of the LM-DFF method with the previously proposed

MDFF method is presented. Table 2.12 and 2.13 show the classification results of the LM-DFF and the

MDFF methods on the UCSD and the NEH databases, respectively. As can be seen, the LM-DFF method

provides improved classification results compared to the MDFF approach. Specifically, the proposed LM-

DFF method achieves an OS, OP, OF1 and OA of 94.37%, 94.64%,94.43% and 96.03%, respectively,

on the UCSD database. It can be observed from Table 2.13, that the proposed LM-DFF method attains
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Table 2.12: Performance comparison of the MDFF and the LM-DFF methods on the UCSD database using 10-fold
cross-validation.

Method Class SE (%) PR (%) F1 score (%) OS/OP/OF1/OA (%) AUC Kappa

MDFF

CNV 95.91 ± 1.31 96.65 ± 0.92 96.27 ± 0.31 92.56 ± 1.06

0.954 ± 0.005 0.919 ± 0.005
DME 91.56 ± 1.46 92.49 ± 1.96 92.00 ± 0.61 92.43 ± 1.23

Drusen 86.62 ± 3.59 85.23 ± 4.05 85.28 ± 0.96 92.48 ± 0.43

Normal 96.92 ± 1.01 95.78 ± 0.91 96.34 ± 0.25 94.57 ± 0.35

LM-DFF

CNV 97.33 ± 1.05 97.05 ± 1.19 97.18 ± 0.32 94.37 ± 1.16

0.965 ± 0.007 0.941 ± 0.006
DME 93.22 ± 3.22 96.26 ± 2.17 94.65 ± 1.09 94.64 ± 0.9

Drusen 89.29 ± 3.59 87.73 ± 3.84 88.34 ± 1.27 94.43 ± 0.59

Normal 97.62 ± 1.11 97.49 ± 1.30 97.55 ± 0.49 96.03 ± 0.43

Table 2.13: Performance comparison of the MDFF and the LM-DFF methods on the NEH database using 5-fold
cross-validation.

Method Class SE (%) PR (%) F1 score (%) OS/OP/OF1 (%) OA (%) AUC Kappa

MDFF
AMD 97.45 ± 0.85 97.23 ± 0.77 97.34 ± 0.69 97.51 ± 0.46

97.57 ± 0.43 0.982 ± 0. 004 0.963 ± 0. 007DME 97.05 ± 0.76 97.59 ± 1.08 97.33 ± 0.83 97.56 ± 0.45

Normal 98.03 ± 0.34 97.85 ± 0.34 97.84 ± 0.37 97.54 ± 0.45

LM-DFF
AMD 99.62 ± 0.27 99.54 ± 0.17 99.58 ± 0.16 99.58 ± 0.23

99.60 ± 0.21 0.997 ± 0. 002 0.994 ± 0. 003DME 99.45 ± 0.59 99.45 ± 0.38 99.45 ± 0.35 99.59 ± 0.20

Normal 99.68 ± 0.22 99.75 ± 0.41 99.71 ± 0.20 99.60 ± 0.22

a near accurate classification performance with an OS, OP, OF1, and OA of 99.58%, 99.59%, 99.60%

and 99.60%, respectively. The improved performance of the LM-DFF method can be attributed to the

learnable multi-scale feature extraction and the joint loss optimization that can effectively capture within

and cross-scale discriminative feature representations for efficient classification.

Figure 2.8 compares the OA and the average test run times of the proposed and the existing methods

on the UCSD and the NEH databases. The measurements for the average run times are taken from a

system with 16 GB RAM and Quadro K600 graphics processor. As can be seen, the HOG+SVM method

provides the fastest prediction among all the methods. However, the low OA of the method makes it

unacceptable for clinical applications. The VGG16 and InceptionV3 have seemingly high run times with

moderate improvements in OA. On the contrary, both the proposed methods, i.e., the MDFF and the

LM-DFF, have significantly low average run times. It can be seen that the LM-DFF approach achieves a

significant improvement in the OA with only a slight increase in the test run time than the MDFF method.

The acceptable test run time and the impressive OA of the proposed LM-DFF method make it best suitable

for the preliminary screening of retinal diseases in eye clinics.
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Figure 2.8: Comparison of the OA and the average run time for the methods on (a) UCSD and (b) NEH databases.

2.4.3 Visualization of the Learned Features

In this section, we qualitatively evaluate the proposed methods by visualizing the discrimination ability

of the features. The feature visualization for the existing methods like the HOG+SVM and the VGG16

are also presented for comparison. Specifically, for the VGG16, the MDFF and the LM-DFF methods, the

learned features prior to the output layer are extracted and dimensionality reduced using the t-Distributed

Stochastic Neighbor Embedding (t-SNE) to facilitate visualization [128]. Similar dimension reduction is

also applied for the HOG features. Figure 2.9 shows the feature visualization of the reduced features for

the different methods. As can be seen, the features for the different classes are highly overlapping for

the HOG and the VGG16, providing little or no discrimination. The feature separability is better for the

MDFF and LM-DFF methods compared to the HOG and the VGG16. It is evident from Figure 2.9 (d),

that the LM-DFF method provides enhanced discrimination as the between-class distance is seemingly

large compared to that in the MDFF method. This implies that the scale-specific feature extraction using

the dilated convolutions and the attention based feature fusion have resulted in high-level discriminative

features for classification.

We also present the Grad-CAM visualizations [129] for the LM-DFF method to provide a transparent

diagnostic basis. The Grad-CAM highlights the image regions that the network focuses on during the

classification. Figure 2.10 shows the Grad-CAM visualizations as heat-maps for the CNV, DME and

drusen affected B-scans. It can be observed that the method focuses precisely on the regions having

pathological manifestations to make a diagnosis prediction. This implies that the model has learned

domain-specific clinical knowledge from the OCT images and can provide a reliable diagnostic decision.
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Figure 2.9: Visualization of the features: (a) HOG, (b) VGG16, (c) MDFF and (d) LM-DFF.
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Figure 2.10: Grad-CAM visualizations of the OCT images for the LM-DFF method. The arrows and the asterisk
indicate the location of retinal fluid deposits and drusens, respectively.

2.5 Summary

The automated OCT B-scan classification methods can be useful for preliminary diagnosis in eye clin-

ics, large-scale screening programs and remote health care applications. To this end, in this chapter,

we presented two new multi-scale approaches for the automated classification of retinal disorders from

OCT B-scans. The main contribution presented in this chapter is the exploration of the multi-scale feature

representations for the efficient classification of the OCT images. Specifically, fixed multi-scale image

decomposition using MSSP and learnable multi-scale feature representations using dilated convolutions

were experimented with to obtain improved classification performance. It was observed that the learnable

multi-scale feature representations using the dilated convolution provided better performance. In addition,

both the methods did not rely on any denoising, layer segmentation, or lesion detection step during clas-

sification. The superior prediction ability and low test run time of the proposed LM-DFF method make it

highly suitable for reliable and fast diagnosis of retinal diseases from OCT B-scans.
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3. Denoising and Super-resolution of OCT B-scans for Improved Diagnosis of Intermediate AMD

In clinical practice, the presence of the drusens and the abnormality in the retinal layers [23] are

observed for the diagnosis of AMD at early and intermediate stages. Specifically, the size of the drusens

[130], the discontinuity in the external limiting membrane (ELM) [131] and the thickness of the inner

nuclear layer (INL) [132] are assessed (see Figure 3.1). However, the sparse appearance of the small-

sized drusens, limited visualization of ELM and the narrow width of the INL present inevitable challenges

in the quantification of the clinical parameters [133]. HR B-scan images have the ability to represent the

subtle clinical features well. The HR OCT images require more samples of the target, which is achieved

by acquiring more A-scans per B-scan. This increases the image acquisition time, thereby causing motion

artefacts due to involuntary patient movements [13]. The artefacts result from the involuntary eye motion

for fixation, head movements and body jitters caused by the cardiorespiratory system. The artefacts

can cause inaccurate clinical interpretation of the OCT images [32,134]. The inherent speckle noise also

degrades the image quality and affects its diagnostic utility [12,135]. Therefore, in the clinical setting, noisy

LR images are acquired from the OCT machines and computer-aided algorithms are utilized to recover

the denoised HR counterparts [14]. The reconstructed HR images can then be used for diagnosis.

The existing SR methods rely on supervised frameworks that require aligned pairs of noisy LR and

clean HR images for training. It is well known that creating a generalizable supervised model using DL

requires massive amounts of data [98]. However, the differing standards of health care industries and

medical data privacy laws hinder the acquisition of large-scale paired LR-HR OCT images for efficient su-

pervised learning [136]. This problem becomes even more severe for AMD because of its asymptomatic

nature, where most cases are reported at the advanced stages [137]. Therefore, unsupervised frame-

works that do not rely on one-to-one alignment between the LR and the HR images during training are

appropriate for the denoising and SR of the OCT images. The option of using unpaired images provides

flexibility to leverage the already available OCT data for better generalization of the denoising and SR

performance.

Recently, the GANs [111] have been popularly used for the SR task. The adversarial learning of the

GANs has been successful in reconstructing realistic and visually appealing images [104,138–140]. In this

chapter, we present an unsupervised GAN based SR framework that can reliably and swiftly reconstruct

the clean HR images without the requirement of aligned LR-HR pairs.

The rest of the chapter is organized as follows. The existing GAN based SR framework is discussed

in section 3.1. The proposed method is presented in section 3.2. The database and network details are

described in section 3.3. The experimental results are analyzed in section 3.4. Finally, the chapter is

summarized in section 3.5.
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Figure 3.1: OCT image highlighting retinal structures crucial for AMD diagnosis.
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3.1 Generative Adversarial Network for SR

The GANs are an approach for generative modeling using deep neural networks. Generative modeling

involves learning patterns from the input data in such a way that it can generate new examples plausi-

bly from the input data distribution [111]. The GANs employ two neural networks, namely, the generator

and the discriminator for the task. The generator is trained to generate new examples, and the discrim-

inator tries to classify the examples as either real (from the data distribution) or fake (generated by the

generator). The two models are trained together in a zero-sum game until the generator is trained to gen-

erate plausible examples. The adversarial learning of the networks enables the generation of images with

high perceptual quality. GANs have been successfully explored in the supervised SR frameworks like the

super-resolution GAN (SRGAN) [104] and its variants such as enhanced SRGAN (ESRGAN) [138], ESR-

GAN+ [141] and attentional SRGAN (A-SRGAN) [142]. A few other supervised GAN based SR methods

have been proposed like the tempoGAN [143], the fine-grained attention generative adversarial network

(FASRGAN) [144], the domain prior GAN [145], the face complexion and SR GAN (FCSR-GAN) [146] and

the capsule GAN [147].

Figure 3.2 shows the block diagram of the SRGAN [104]. The framework contains two neural network
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components, i.e., the generator (G) and the discriminator (D). G takes the LR images as input and

generates the corresponding HR images as output. D, on the other hand, assigns labels (real/fake)

to these generated images based on their closeness to the real HR image distribution. G is trained to

generate realistic HR images to fool D into believing that the generated images belong to the real HR

image distribution. D is trained to discriminate the generated images from the real HR images efficiently.

This adversarial learning is performed by minimizing the adversarial and the content losses, as shown

in Figure 3.2. The adversarial loss is the negative of the logarithm of the probability that the generated

image belongs to the real HR distribution [104]. The content loss is obtained as the feature-based mean

square error (MSE) between the generated image and the corresponding true HR image. It should be

noted that the applicability of the MSE based loss function is restricted to situations where aligned pairs of

training LR-HR images are available. Therefore, these frameworks are highly suitable for the SR of natural

images, where a large number of paired images can be easily acquired. However, as already discussed,

the acquisition of a sufficiently large number of LR-HR pairs of medical images may be challenging.

Hence, the GANs have not been well explored for the SR of the OCT images.

In the following section, we propose an unsupervised GAN based SR framework that eliminates the

need for paired LR-HR images for training and builds a generalizable network with already available OCT

databases. This framework is inspired by the work of Zhu et al. [148], where a well generalizable ar-

chitecture is presented for unsupervised image translation. The details of the proposed framework are

discussed below.

3.2 The Proposed Unsupervised GAN for the Simultaneous Denoising

and SR of the OCT Images

Figure 3.3 shows the pipeline of the proposed method. As can be seen, the framework contains two

generators (Generator_HR (GHR) and Generator_LR (GLR)) and two discriminators (Discriminator_HR

(DHR) and Discriminator_LR (DLR)). Let us denote the set of unpaired training noisy LR and clean HR

OCT images as {Li}Mi=1, Li ∈ Xlr and {Hi}Mi=1, Hi ∈ Xhr, respectively. Here, Xlr and Xhr are the set

of all training noisy LR and clean HR images, respectively. We denote the noisy LR and clean HR data

distribution as L ∼ pOCT (L) and H ∼ pOCT (H), respectively. As illustrated in Figure 3.3, the GHR takes

the noisy LR OCT images as input and maps them to the clean HR output images (GHR : Xlr → Xhr).

Similar to the discriminator of the SRGAN, the DHR also discriminates these generated clean HR images

from the real HR OCT images by assigning labels of fake or real. The other set of generator and discrim-
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Figure 3.3: Block diagram of the proposed framework for the simultaneous denoising and SR of OCT images.

inator, i.e., GLR and DLR present in the proposed framework, are not directly involved in the generation

of HR images. However, these components, in association with the constrained minimization objectives,

indirectly help GHR learn appropriate mapping function in the absence of paired training examples. The

GLR performs the inverse mapping of converting the clean HR OCT images to the noisy LR domain

(GLR : Xhr → Xlr). The DLR differentiates the real noisy LR OCT images from the generated LR OCT

images {GLR(H)}. Similar to the functionality of G in the SRGAN, GHR and GLR in the proposed frame-

work are learned to generate realistic images close to the true distribution. DHR and DLR are learned to

distinguish the generated images from the real images efficiently. As discussed in Section 3.1, the MSE

based content loss function is only suitable for learning networks with paired training images. Therefore, to

train an unsupervised network with unpaired images, we use the specialized loss functions, i.e., the cycle

consistency loss and the identity mapping prior, along with the adversarial loss for reliable reconstruction

of the HR images.

As discussed previously, the measurement of the thickness of the retinal layers is crucial to AMD

diagnosis. Therefore, it is essential to accurately reconstruct the retinal layers for a reliable diagnosis. It

is also important to ensure the faithful reconstruction of the sparsely distributed drusens to quantify the

AMD progression. Therefore, we define the cycle consistency loss to preserve the spatial clinical details

between the input and the generated images. This loss is inspired by the work of Zhu et al. [148] and is

given as

Lgcyc = E L ∈ pOCT (L)
[
‖GLR(GHR(L))−L‖2

]
+

EH ∈ pOCT (H)
[
‖GHR(GLR(H))−H‖2

]
.

(3.1)

Here, pOCT (L) and pOCT (H) represent the distribution of the real noisy LR and the clean HR OCT im-
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ages. As can be seen, the loss function contains two terms. In the first term, the LR counterparts of the

generated HR images (GHR(L)) are obtained through GLR. The dissimilarity between the obtained LR

images and the real noisy LR images is computed through the L2 norm. Similarly, the dissimilarity be-

tween the real HR images and the HR counterparts of the generated LR images (GLR(H)) are computed

in the second term of Lgcyc. The minimization of the total dissimilarity ensures that the minute clinical

details of the real input images (L or H) are well preserved in the generated images.

In clinical practice, the texture and color (intensity) of the retinal layers play a vital role in diagnosis

[131]. Therefore, it is essential to preserve the color and texture details in the generated HR OCT images.

It can be achieved through identity mapping [149], where the generators should produce the same image

if an input image of the target domain is provided. We define identity loss as

Lgidt = EH ∈ pOCT (H)
[
‖GHR(H↓)−H‖1

]
+

E L ∈ pOCT (L)
[
‖GLR(L↑)−L‖1

] (3.2)

where H↓ denotes the down-sampled version of the HR image H and L↑ is the up-sampled version of

the LR image L.

Finally, the GAN adversarial objective is employed to ensure that the images generated by GHR and

GLR are close to the real data distribution. The adversarial objective for GHR in the HR domain can be

expressed as

LgHRadv = E L ∈ pOCT (L)
[
‖DHR(GHR(L))− 1‖2

]
. (3.3)

Similarly, the adversarial objective for the DHR in the HR domain is given as

LdHRadv = EH ∈ pOCT (H)
[
‖DHR(H)− 1‖2

]
+

E L ∈ pOCT (L)
[
‖DHR(GHR(L))‖2

]
.

(3.4)

The minimization of the adversarial generator loss (LgHRadv ) ensures that the GHR generates realistic

HR images to fool DHR into believing that the generated images are real. Similarly, the task of adversarial

discriminator loss (LdHRadv ) is to update the DHR parameters such that it effectively classifies the real HR

images from the generated images. This adversarial learning renders theGHR helpful in providing realistic

and diagnostically relevant OCT images.

We define the adversarial losses for GLR and DLR in a similar manner and show them in Eq. 3.5 and

52TH-2540_166102012



3.3 Clinical Database and Network Parameters

3.6, respectively.

LgLRadv = EH ∈ pOCT (H)
[
‖DLR(GLR(H))− 1‖2

]
(3.5)

LdLRadv = E L ∈ pOCT (L)
[
‖DLR(L)− 1‖2

]
+

EH ∈ pOCT (H)
[
‖DLR(GLR(H))‖2

] (3.6)

Finally, the combined generator objective is defined as

Lg = arg min
GHR,GLR

LgHRadv + LgLRadv + k1Lgcyc + k2Lgidt (3.7)

where k1 and k2 are weights to the loss functions.

During training, the generators and the discriminators are learned one at a time. First, the parameters

of DHR and DLR are updated by minimizing LdHRadv and LdLRadv respectively. Then, keeping the parameters

of GLR and DHR fixed, the GHR is updated by minimizing Lg. Finally, GLR is updated, keeping GHR and

DLR fixed. The details of the network architecture and the experimental setup for training are discussed

in the following section. At the end of the training process, GHR is engaged in generating the clean HR

OCT images from the noisy LR OCT images. The other components of the network, i.e., DHR, GLR and

DLR are discarded as they are only required to assist GHR in better training.

3.3 Clinical Database and Network Parameters

In this section, the details of the databases used for evaluation and the network architecture of the

proposed method are presented.

3.3.1 Clinical Database Description

The proposed method is evaluated on three publicly available databases, namely, the Duke University

SR (DUSR) database [14], the Duke University denoising (DUD) database [150] and the Duke University

Intermediate AMD (DUIA) database [46]. The DUSR and the DUD databases contain 28 and 17 paired

noisy and clean OCT B-scan images, respectively. The images of these databases are acquired from

subjects with and without non-neovascular AMD using the Bioptigen, Inc. OCT imaging system. Two

different scanning protocols are used for obtaining the noisy LR and the clean HR images. Firstly, the
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Figure 3.4: Network architectural details for (a) GHR and (b) GLR.
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Figure 3.5: Architectural details for DHR and DLR networks.

volume scans are captured with an axial resolution of 4.5µm from a 6.6 × 6.6 mm2 retinal area centered

around the fovea. Each of the volumes contains 100 B-scans with 1000 A-scans per B-scan. The central

foveal B-scan of the volumes is sub-sampled to obtain the LR images. The second set of scans is obtained

by capturing 40 azimuthally repeated B-scans centered at the fovea. The repeated B-scans are registered

and averaged using the ImageJ software to obtain clean HR images [14,150].

The DUIA dataset is the world’s largest SD-OCT dataset of intermediate AMD and control subjects

[46]. It contains OCT volumes from 269 AMD and 115 control subjects. Subjects included in this database

are between 50 and 85 years of age, exhibiting intermediate AMD with large drusen (>125 mm) in both

eyes or large drusen in 1 eligible eye and advanced AMD in the fellow eye, with no history of vitreoretinal

surgery or ophthalmologic disease that might affect acuity in either eye. The SD-OCT imaging system by

Bioptigen, Inc. is used to capture the OCT volumes with 1000 A-scans per B-scan and 100 B-scans per

volume.

The unpaired clean HR and noisy LR images for training the network are created from these three

54TH-2540_166102012



3.3 Clinical Database and Network Parameters

databases. A total of 27 clean HR images are obtained from the DUSR (10 HR images) and the DUD

(17 HR images) databases. For quantitative comparison, the HR images are rescaled to 450× 900 pixels.

4000 central foveal noisy B-scan images are extracted from the volumes of the DUIA dataset. The LR

images are generated by down-sampling the noisy images by a factor of 2 and 4, thereby rendering low

image resolution of size 450 × 450 and 450 × 225 pixels, respectively. We can observe that the height of

the images is preserved during down-sampling. It is because the height of the OCT images is a property

of the low coherence imaging light source [19]. The resolution of the OCT images is dependent on the

number of A-scans used for obtaining a B-scan [151], which is given by the width of the images.

For the purpose of training the network, random crops of size 300 × 600 pixels are extracted from the

region of interest of the clean HR images. A total of 4000 random crops are extracted from the 27 clean

HR images for training. Similarly, crops of size 300 × 300 pixels and 300 × 150 pixels are extracted from

the noisy LR images, which can be magnified by factors of 2 and 4, respectively, during the SR process.

The LR dataset for training contains 2000 crops each from the AMD and the healthy control classes. The

test set for evaluating the SR performance consists of 17 images from the DUSR database that have not

been used for training 1.

3.3.2 Network Details

The network architectures for the generators, GHR and GLR are shown in Figure 3.4. The GHR (see

Figure 3.4 (a)) takes the noisy LR OCT images as input and outputs the clean HR OCT images. The

network contains three "Conv" blocks that perform convolution operation, nine residual blocks for proper

gradient flow, two "Deconv" blocks to perform fractionally strided convolution [152] and an "Upsample"

block for obtaining the desired resolution at the output. The "Deconv" layers convert the coarse outputs

of the convolutional layers to dense pixels through nonlinear upsampling [153]. The residual blocks intro-

duce identity residual or skip connections between layers. These skip connections alleviate the vanishing

gradient problem and enable effective learning of the deeper networks [75]. As shown in Figure 3.4, the

variables k, n and s represent the kernel size, number of filters and stride for the convolution and strided

convolution operations. Each of the "Conv" (except the last) and "Deconv" blocks are followed by instance

normalization [154] and ReLU activation layers. The final "Conv" block has a tanh activation function. The

"Upsample" block transforms the feature maps to the desired resolution of the target HR domain. The

GLR has a similar architecture as the GHR with variations only in the input and the "Upsample" block. The
1There are 18 images of the DUSR that have not been used for training. One image is not used for evaluation as it has

registration error.
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GLR (see Figure 3.4 (b)) takes the HR OCT images as input and generates the LR images. Similarly, the

"Upsample" block in GHR is replaced by a "Pool" block in GLR. The "Pool" block utilizes average pooling

to transform the intermediate feature maps to the resolution of the LR images.

The discriminators DHR and DLR have the same architecture as shown in Figure 3.5. The first three

"Conv" blocks are followed by instance normalization layers [154] and leakyReLU [155] activation functions

with a negative slope of 0.2. A sigmoid activation function is applied to the final "Conv" block. The method

is implemented using Keras with the Tensorflow backend. The model uses Adam [123] optimizer with a

learning rate of 2 × 10−4 for the generators and 2 × 10−5 for the discriminators. For stable training, the

discriminators are updated once in three iterations. The model is trained on mini-batches of size 1 for

68,000 iterations. The training is performed on an NVIDIA Tesla V100 GPU.

3.4 Experimental Results

In this section, we qualitatively and quantitatively compare the reconstruction performance of the pro-

posed and the existing methods. We also analyse the effectiveness of the proposed denoising and SR

method in improving the automated diagnosis performance of intermediate AMD and healthy subjects.

3.4.1 Results for HR Reconstruction

The effectiveness of the proposed method is verified by qualitative and quantitative comparisons with

the state-of-the-art simultaneous denoising and SR methods. The shared sparse representation models

like the SBSDI [14], the SSR [33] and the NWSR [105] are used for comparison. The recently proposed

low-rank approximation and second-order tensor-based total variation (LRSOTTV) [108] OCT reconstruc-

tion method is also included in the study. The proposed method is also compared with the popular DL

based SRGAN [104] approach. The qualitative comparison is performed by visually inspecting the re-

construction quality at different regions of the OCT images essential for AMD diagnosis. The quantitative

analysis is performed by evaluating the methods using metrics such as the contrast to noise ratio (CNR),

the peak signal to noise ratio (PSNR) and the image sharpness (IS).

The CNR measures the contrast of the clinically significant foreground regions with respect to the

background regions. Mathematically, the CNR can be represented as

CNR = 1
m

m∑
i=1

[
10 log10

(
|µi − µb|√
σ2
i + σ2

b

)]
(3.8)
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where m is the number of region of interest (ROI) image patches used for CNR computation. µi and σi are

the mean and the standard deviation of selected foreground patches (selected from the regions containing

the retinal layers). µb and σb are the mean and the standard deviation of the background ROI. Here m = 5

is selected with each patch having a size of 50× 100.

The PSNR computes the similarity between the generated and the true HR images. The mathematical

definition of the PSNR is given as

PSNR = 10 log10

(
(max(Io))2

1
M1×M2

∑
i

∑
j(Ir(i, j)− Io(i, j))2

)
(3.9)

where Io and Ir are the original and the reconstructed HR images, respectively, each of size M1 ×M2.

The IS measures the sharpness of the denoised and super-resolved images and is given as

IS = 1
M1 ×M2

M1∑
i=1

M2∑
j=1
|Ir ∗ Sv| (3.10)

where Sv is the Sobel mask in vertical direction and * represents the convolution operation.

3.4.1.1 Qualitative Analysis

In this section, we qualitatively evaluate the OCT images by visualizing the reconstruction quality of the

different retinal micro-structures. Figure 3.6 shows the visual reconstruction results of an OCT image for

a magnification factor of 2. The highlighted portions in the images (yellow squares) show the key regions

for AMD diagnosis. The zoomed versions of these regions are shown on the right-hand side of the

respective images for better visualization. Figure 3.6 (a) and (h) show the noisy LR and the original clean

HR images, respectively. Figure 3.6 (b)-(g) show the reconstructed images using the existing and the

proposed methods. The first highlighted portion (see Figure 3.6 (h1)) aims at analyzing the reconstruction

quality of the ELM (shown by the solid white arrow). It is well discussed in the medical literature that the

status of ELM is a predictor of visual acuity in AMD [131]. It can be observed that the ELM is completely

blurred out by the SBSDI (Figure 3.6 (b1)), the SSR (Figure 3.6 (c1)), the NWSR (Figure 3.6 (d1)) and

the LRSOTTV (Figure 3.6 (e1)) methods. The SRGAN (Figure 3.6 (f1)) has been partially successful in

reconstructing the ELM. However, the reconstruction quality is not enough to unambiguously measure the

layer thickness. As shown in Figure 3.6 (g1), the proposed method has generated the ELM accurately

with its boundaries intact.
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Figure 3.6: Visual comparison of the denoising and SR performance for a magnification factor of 2. (a) LR image,
reconstructed images using (b) SBSDI, (c) SSR, (d) NWSR, (e) LRSOTTV, (f) SRGAN, (g) proposed method and
(h) original HR image.
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Figure 3.7: Visual comparison of the denoising and SR performance for a magnification factor of 4. (a) LR image,
reconstructed images using (b) SBSDI, (c) SSR, (d) NWSR, (e) LRSOTTV, (f) SRGAN, (g) proposed method and
(h) original HR image.
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Figure 3.8: Visual comparison of the SR methods for drusen reconstruction for a magnification factor of 2. (a1-a3)
LR images, images reconstructed by (b1-b3) SBSDI, (c1-c3) NWSR, (d1-d3) SRGAN and (e1-e3) proposed method.

The second highlighted region focuses on the reconstruction of the INL (see Figure 3.6 (h2)). Clinically,

the INL thickening is the reason for atrophy of the RPE [132]. Hence, the measurement of INL thickness

is an essential parameter for AMD diagnosis. The INL thickness can be accurately measured when it has

sharp boundaries with the neighboring layers. It can be seen that the INL is hardly distinguishable from

the neighboring layers in the images reconstructed by the SBSDI (Figure 3.6 (b2)), the SSR (Figure 3.6

(c2)), the NWSR (Figure 3.6 (d2)) and the LRSOTTV (Figure 3.6 (e2)) methods. The SRGAN (Figure 3.6

(f2)) reconstructs the INL better than the SBSDI and the NWSR methods. However, the granularity in the

reconstructed image may lead to errors in thickness measurements. The reconstruction of the proposed

method (Figure 3.6 (g2)) is much smoother than the SRGAN, while the boundaries are still preserved.

The third highlighted region aims at evaluating the reconstruction quality of the choroid. The choroid

is the vascular layer that contains blood vessels and choriocapillaris for the nourishment of the retina

[156]. Though the choroid has limited visualization in OCT images, it is an essential diagnostic factor for

assessing the retinal health [156]. Figure 3.6 (h3) shows the zoomed version of a choroidal vessel (see

dashed white arrow). It can be observed that the SBSDI (Figure 3.6 (b3)), the SSR (Figure 3.6 (c3)),

the NWSR (Figure 3.6 (d3)), the LRSOTTV (Figure 3.6 (e3)) and the SRGAN (Figure 3.6 (f3)) have not

reconstructed the vessel clearly. The proposed method (Figure 3.6 (g3)) has reconstructed the vessel

with a clear demarcation of its boundaries. Thus, the visual results verify that the proposed method

reconstructs the clinical details well. The reconstructed images for a magnification factor of 4 are provided

for visualization in Figure 3.7. It can be observed that the reconstruction performance similar to that of the

magnification factor of 2 is obtained.

We also analyze the reconstruction quality of the drusens for the proposed and the existing methods.
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Figure 3.9: Visual comparison of the denoising and SR performance for a magnification factor of 2. (a) LR image,
reconstructed images using (b) SBSDI, (c) SSR, (d) NWSR, (e) LRSOTTV, (f) SRGAN, (g) proposed method and
(h) original HR image.
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Figure 3.10: Visual comparison of the denoising and SR performance for a magnification factor of 4. (a) LR image,
reconstructed images using (b) SBSDI, (c) SSR, (d) NWSR, (e) LRSOTTV, (f) SRGAN, (g) proposed method and
(h) original HR image.
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Figure 3.8 shows the visual reconstruction results for the different types of drusens, i.e., the subretinal

drusenoid deposits, the soft drusen and the cuticular drusen [26]. Figure 3.8 (a1-a3) show the noisy LR

drusen images. These image patches are taken from the AMD volumes of the DUIA database. As this

dataset does not have clean HR counterparts, we only show the comparative reconstruction performance

with the existing methods. Figure 3.8 (b1-b3) and (c1-c3) show the zoomed versions of reconstructed

drusens using the SBSDI and the NWSR methods, respectively. It can be observed that the overall

reconstruction is quite blurry compared to the SRGAN (Figure 3.8 (d1-d3)) and the proposed method

(Figure 3.8 (e1-e3)). The reason for this is the excessive smoothing that takes place during the patch-

based reconstruction and the denoising stages of the methods. This results in loss of the sharpness of the

edges in the retinal layers, which can affect diagnostic measurements. For example, the analysis of the

ellipsoid zone (EZ) and the RPE (see Figure 3.8 (a1)) are vital for the management of AMD [157]. Both

manual and automated segmentation of these layers become challenging and erroneous from blurred

images as generated from the SBSDI and the NWSR methods. Although the SRGAN generates sharp

EZ and RPE boundaries (Figure 3.8 (d1-d3)), the granular patterns throughout indicate that the images are

not denoised well. The drusens are well reconstructed by the proposed method (Figure 3.8 (e1-e3)). The

proposed method does not rely on the neighboring slices for denoising and also does not involve a patch-

based reconstruction strategy. The deep residual convolutional architectures of the GHR in association

with the adversarial learning help preserve the sharp edges of the retinal layers.

Figure 3.9 shows the visual reconstruction performance (for a magnification factor of 2) highlighting

few more diagnostic details. The LR and the original HR images are shown in Figure 3.9 (a) and (h),

respectively. The reconstructed images by the different methods are shown in Figure 3.9 (b)-(g). The

zoomed versions of some of the important diagnostic regions like the EZ (shown by solid white arrow,

Figure 3.9 (h1)), a hyperreflective dot (yellow arrow, Figure 3.9 (h2)) and the inner limiting membrane

(ILM) (dotted white arrow, Figure 3.9 (h3)) are presented. It can be observed that the EZ is not well

reconstructed by the SBSDI (Figure 3.9 (b1)), the SSR (Figure 3.9 (c1)), the NWSR (Figure 3.9 (d1)), the

LRSOTTV (Figure 3.9 (e1)) and the SRGAN (Figure 3.9 (f1)) methods. It can also be seen that the SBSDI

(Figure 3.9 (b2) and (b3)), the SSR (Figure 3.9 (c2) and (c3)), the NWSR (Figure 3.9 (d2) and (d3)) and

the LRSOTTV (Figure 3.9 (e2) and (e3)) methods completely fail to reconstruct the hyperreflective dot and

the ILM. Although the SRGAN (Figure 3.9 (f2) and (f3)) reconstructed these details better than the SBSDI

and the NWSR, the noise present in the images affect the visual clarity. The proposed method, on the

other hand, generates better quality images without losing the diagnostic information. The reconstructed

images for a magnification factor of 4 are presented in Figure 3.10 for visualization.
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Figure 3.11: Visual comparison of the denoising and SR performance for a magnification factor of 2.(a) LR image,
reconstructed images using (b) SBSDI, (c) SSR, (d) NWSR, (e) LRSOTTV, (f) SRGAN, (g) proposed method and
(h) original HR image.
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Figure 3.12: Visual comparison of the denoising and SR performance for a magnification factor of 4. (a) LR image,
reconstructed images using (b) SBSDI, (c) SSR, (d) NWSR, (e) LRSOTTV, (f) SRGAN, (g) proposed method and
(h) original HR image.
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Figures 3.11 and 3.12 show more visual results of the reconstructed OCT images by the proposed

approach and the existing methods for magnification factors of 2 and 4, respectively. It can be summarized

from the visual results that the over-smoothness greatly influences the edge details of the OCT images

reconstructed by the existing methods. These methods also lose a few key diagnostically significant

features during reconstruction. The proposed method suppresses noise, efficiently reconstructs the edge

details of the retinal layers and the drusen morphologies compared to the existing methods.

3.4.1.2 Quantitative Analysis

In this section, we quantitatively analyse the denoising and SR performance of the proposed and the

existing methods for the magnification factors of 2 and 4. The details of the test dataset and the evaluation

measures are presented in section 3.3.1 and 3.4.1, respectively. The mean and the standard deviation

values of the performance measures are presented for the test dataset in Table 3.1. It can be seen from the

table that the proposed method outperforms the existing methods in terms of CNR, achieving an average

CNR of 4.69 and 4.64 for magnification factors of 2 and 4, respectively. This improvement in the CNR

values validates that the foreground clinically significant regions (retinal layers) are well contrasted from

the clinically non-significant background regions. Similarly, a minimum improvement of 4% is observed in

terms of the PSNR values for the proposed method. The high PSNR values are indicative of the closeness

in characteristics of the reconstructed images with the original HR images. It can be seen from Table 3.1

that the SBSDI, the SSR, the NWSR and the LRSOTTV methods have a significantly low value of IS.

As discussed before, the low IS values can be attributed to the inefficient patch-based approach used

for reconstruction. It is also observed that the SRGAN achieves the highest value for IS. These elevated

levels are partially biased by the granularity present in the images rather than the well-preserved edges.

Compared to the existing methods, the proposed method shows promising performance in terms of most

of the measures.

Figure 3.13 compares the PSNR and the average test run times of the proposed and the existing

methods for magnification factors of 2 and 4. These measurements are taken from a system with 16 GB

RAM and Quadro K600 graphics processor. It can be observed that the sparse representation based

methods, i.e., the SBSDI, the SSR and the NWSR have lower PSNR values compared to the proposed

method. These methods also take an increasingly high amount of time to generate the HR OCT images.

This is because of the serial processing of image patches during the reconstruction process. The large

duration for the HR image generation limits the applicability of these methods for the reconstruction of the

3D-OCT volumes that require the SR of many B-scans for the analysis. The SRGAN has a low test run
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Table 3.1: Performance comparison of the proposed and the existing simultaneous denoising and SR methods on
the test dataset.

Method Approach Magnification CNR PSNR (dB) IS

Shared sparse representation

2× 4.52 ± 0.74 31.12 ± 2.06 10.16 ± 0.92
SBSDI [14]

4× 4.53 ± 0.74 34.73 ± 3.16 9.78 ± 0.83

SSR [33]
2× 4.61 ± 0.75 31.07 ± 2.06 8.82 ± 0.82

4× 4.61 ± 0.77 34.64 ± 3.09 8.8 ± 0.83

2× 4.51 ± 0.73 32.31 ± 1.73 17.03 ± 0.83
NWSR [105]

4× 4.52 ± 0.70 32.2 ± 1.68 19.18 ± 0.72

Low Rank Approximation 2× 4.49 ± 0.77 33.99 ± 2.07 9.81 ± 0.12
LRSOTTV [108]

4× 4.49 ± 0.78 33.98 ± 2.08 9.57 ± 1.16

Deep learning

SRGAN [104]
2× 3.86 ± 0.71 35.10 ± 3.02 40.22 ± 1.33

4× 3.57 ±0.62 26.51± 1.02 56.77 ± 3.54

2× 4.69 ± 0.68 39.15 ± 3.54 26.96 ± 1.17
Proposed method

4× 4.64 ± 0.72 35.67 ± 2.68 27.83 ± 1.35

The bold values show the performance of the proposed method.

time, but the inferior PSNR values provided by the method (especially for the magnification factor of 4),

affect its reliability for clinical applications. On the contrary, the proposed method generates good quality

images with high PSNR values in less than a second. Therefore, the proposed method can conveniently

aid ophthalmologists for a quick and reliable diagnosis.

In clinical practice, the measurements obtained from the 3D OCT volumes have proven helpful for reli-

able diagnosis of progressive retinal diseases [158]. Considering the utility of these volumes in diagnostic

ophthalmology, we have extended the proposed B-scan based denoising and SR method for the HR re-

construction of the OCT volumes. The proposed model is employed to generate the HR version for each

of the B-scan images in the OCT volume to obtain the HR reconstruction for the entire volume. Table 3.2

shows the volume reconstruction results in terms of CNR, IS and average test time for the SRGAN and

the proposed method for 169 LR AMD volumes from the DUIA database. The performance could not be

verified in terms of the PSNR as there are no reference HR ground-truth images available for the dataset.

The SRGAN is considered for the performance comparison considering its quick image reconstruction

attribute compared to the other state-of-the-art methods. The SBSDI, the SSR and the NWSR methods

have not been included in this study as they take a large amount of time to generate the reconstructed

images for the entire volume. It can be observed from Table 3.2, that the proposed method exhibits better

performance in terms of CNR and also average test time compared to the SRGAN, thereby making the

proposed method suitable for reliable reconstruction of the OCT volumes for improved diagnosis.

67TH-2540_166102012



3. Denoising and Super-resolution of OCT B-scans for Improved Diagnosis of Intermediate AMD

20

22

24

26

28

30

32

34

36

38

40

P
S

N
R

 (
d

B
)

0

50

100

150

T
e
s
t 

R
u

n
 T

im
e
 (

s
)

Test Run Time (s)

20

22

24

26

28

30

32

34

36

P
S

N
R

 (
d

B
)

0

50

100

T
e
s
t 

R
u

n
 T

im
e
 (

s
)

Test Run Time (s)

Proposed

Method
NWSRSSRSBSDI SRGAN SSR NWSR SRGAN Proposed

Method

(b)(a)

SBSDI

PSNR (dB)PSNR (dB)

Figure 3.13: Comparison of the PSNR and the average run time of the methods for a magnification factor of (a) 2
and (b) 4.

Table 3.2: Quantitative performance analysis of the proposed and the existing denoising and SR methods for OCT
volumes.

Approach Magnification CNR IS Test Run Time (s)

SRGAN [104]
2× 3.36 ± 0.72 42.66 ± 1.79 74.02 ± 0.02

4× 2.71 ± 0.78 55.15 ± 2.10 50.83 ± 1.08

Proposed 2× 4.02 ± 0.68 26.74 ± 0.88 12.89 ± 0.02

Method 4× 3.93 ± 0.76 26.68 ± 0.74 7.86 ± 0.03

The bold values show the performance of the proposed method.

3.4.2 Evaluation of the Proposed Method for AMD Diagnosis

The usefulness of the proposed method is demonstrated by using the reconstructed images for the

automated classification of intermediate AMD and healthy subjects. Specifically, the proposed denoising

and SR method is used as a pre-processing block to generate clean HR images from noisy LR images.

The generated images are then provided to an automated classification method to obtain the diagnosis

(see the first column of Table 3.3). The classification performance with and without the pre-processing

block is analyzed for the automated AMD diagnosis. Without the pre-processing block, the classification

method takes the noisy LR images as input to generate the diagnosis decision (see the first column of

Table 3.3).

A CNN based classification framework is adapted from the literature [35] for the task. The model

has an architecture of C(5,3)BRP(2) → C(3,3)BRP(2) → C(3,3)BRP(2) → C(3,3)BRP(2) → C(3,3)BRP(2) →

Flatten → D(15) → D(2) → Softmax, where C(k,n)BRP(p) is a sequence of convolutional layer followed
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Table 3.3: Performance comparison of automated AMD classification using the LR and the generated HR images.

Configuration Denoising and SR Method
Image Size

Sensitivity (%) Specificity (%) Accuracy (%) AUC Kappa
(Input to Classifier)

 

Classification LR Images AMD/Normal 

Classification LR Images 

AMD/Normal 

SR 

HR Images 

S1   

S2   

- 450× 225 [LR (↓ 4)] 88.57 93.16 90.87 0.93 0.82

- 450× 450 [LR (↓ 2)] 93.78 94.48 94.13 0.95 0.88 

Classification LR Images AMD/Normal 

Classification LR Images 

AMD/Normal 

Denoising 

and SR 

HR Images 
SRGAN [SR (↑ 4)] 450× 900 92.15 93.01 92.58 0.94 0.85

SRGAN [SR (↑ 2)] 450× 900 96.19 94.41 95.30 0.96 0.90

Proposed Method [SR (↑ 4)] 450× 900 94.71 94.17 94.44 0.96 0.88

Proposed Method [SR (↑ 2)] 450× 900 96.89 96.19 96.54 0.97 0.93

The bold values show the performance of the proposed method.

by BN, ReLU activation and max-pooling layers. Here, k represents the kernel size. n and p represent the

number of convolution filters and the pool size, respectively. D(d) is a dense layer with d output neurons. To

train the classification model, a total of 12,645 B-scans are extracted from the 384 OCT volumes of AMD

and control subjects from the DUIA database. The images from the dataset are down-sampled to create

noisy LR images. Let us denote LR (↓ 2) and LR (↓ 4) as the LR OCT images obtained by downsampling

the noisy images by factors of 2 and 4, respectively. Firstly, the noisy LR images are provided to the

classifier. Training of the CNN model is performed on 80% of the images and testing is performed on the

rest. The models are trained on mini-batches of size 64 for 50 epochs using the Adam [123] optimizer

with a learning rate of 10−3. The classification results are presented in Table 3.3. It can be seen that,

when the LR images are directly used for classification, the performance degrades by nearly 5% as the

resolution is reduced from 450 × 450 to 450 × 225. This is because the pathological symptoms of AMD

cannot be captured well in the LR images. This verifies that the clean HR images are essential for the

improved diagnosis of AMD.

In the second case, the images are first denoised and super-resolved using the pre-processing block

and then applied to the classification framework. These images are denoted as SR (↑ 2) and SR (↑ 4)

for magnification factors of 2 and 4, respectively. The classification results for the denoised and super-

resolved images using the SRGAN and the proposed method are presented in Table 3.3. The methods

like the SBSDI, the SSR, the NWSR and the LRSOTTV have not been considered in this study, as they

require high computational time to generate the clean HR images. It is observed that the classification

sensitivity improves by 3% over the LR images (LR (↓ 2)) when the images reconstructed by the proposed

method (SR(↑ 2)) are used for classification. The method also attains high AUC and kappa values of

0.97 and 0.93, respectively. Significant improvements in classification performance are observed when

the reconstructed images by the proposed method (for a magnification factor of 4) are used for classifica-

tion, achieving sensitivity, specificity and accuracy of 94.71%, 94.17% and 94.44%, respectively. These
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Figure 3.14: Examples of feature maps at different layers of the GHR network.

improved classification results indicate that the proposed method efficiently reconstructed the LR images

that aided in the correct diagnosis. It can also be observed from Table 3.3 that the classification per-

formance for a magnification factor of 2 for the SRGAN and the proposed method are mostly similar.

However, for the magnification factor of 4, the proposed method outperforms the SRGAN. This validates

that the proposed method reconstructs the images better than the SRGAN for higher magnification fac-

tors. The suboptimal performance of SRGAN can be attributed to its inferior quality image reconstruction,

as discussed in section 3.4.

3.4.3 Visualization of the Learned Features

To understand how the generator is approaching reconstruction, the feature maps of GHR at different

layers of the network are observed. These feature maps are obtained by passing the LR OCT images

through GHR and extracting the neural activations at the output of the desired network layers. Figure 3.14

shows some of these neural activations (shown in red) at different layers of the network overlaid on the LR

OCT images. Due to the convolutional nature of the network, the input LR images and the feature maps

may not have the same spatial dimensions. Therefore, the input LR OCT images are rescaled to the size

of the feature maps to obtain the images in Figure 3.14. The highlighted areas in the figure are the regions

that have higher activations. It can be observed that the feature maps highlight the different layers of the

retina during the SR process. This shows that the model focuses on the clinically significant portions of

the image during the reconstruction. The model transparency provided by the feature visualization can be

viewed as an additional advantage of the proposed method as such observations cannot be made for the

shared sparse representation or the low-rank approximation models.
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Figure 3.15: Reconstructed images using the proposed method: (a) at 50% sampling (b) at 25% sampling, (c) at
13% sampling and (d) true HR image.

3.4.4 Marginal Sampling Rate for the Proposed Method

This chapter presents and discusses reconstruction results for a magnification factor of 2 (50% missing

data) and 4 (25% missing data). In order to identify the marginal sampling rate at which the method fails

to reconstruct the clinical details well, we learned different models with training noisy LR images obtained

by uniform sub-sampling with 50%, 25% and 13% data. Figure 3.15 (a)-(c) show the visual reconstruction

result of OCT images reconstructed with 50%, 75% and 87% missing data. Figure 3.15 (d) shows the true

HR image for reference. The key regions used in this analysis are highlighted in yellow and the zoomed

versions of these regions are presented at the bottom of each reconstructed image. It can be seen that the

reconstruction of the drusen (see the zoomed region marked as 1 in Fig. 3.15) has been compromised

when the noisy LR image with 13% sampling is used. It is also observed that artefacts (shown by the

yellow arrow in Figure 3.15) are introduced in the RPE layer at this sampling rate which is not present on

the reconstructed images with 50% and 25% sampling. Similar behavior was observed for other images

of the test set as well. Hence, based on the above observation, it can be said that the marginal sampling

rate for the method is 25% below which diagnostic distortions can be introduced during reconstruction.
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Figure 3.16: Visual comparison of the denoising and SR performance for a magnification factor of 2. (a) LR image,
reconstructed images using (b) EDSR, (c) WDSR, (d) ZSSR, (e) BM3D+ZSSR, (f) proposed method and (g) original
HR image.

3.4.5 Comparison of the Proposed Method with Computer Vision Models for SR

The proposed simultaneous denoising and SR method is compared with three computer vision SR

models, namely, the enhanced deep residual networks for single image super-resolution (EDSR) [159],

the wide activation for efficient and accurate image SR (WDSR) [160] and the zero-shot super-resolution

using deep internal learning (ZSSR) [161]. The EDSR and the WDSR are supervised in nature and the

ZSSR is unsupervised.

The supervised models are trained on paired LR and HR image patches of size 150×300 and 300×600,

respectively. The image patches were extracted from the DUSR [14] and the DUD databases [150]. The

models are trained using 12,000 images patches with a batch size of 8 for 50 epochs. The unsupervised

ZSSR model does not rely on prior training. It exploits the internal recurrence of information in a single

72TH-2540_166102012



3.4 Experimental Results

Table 3.4: Performance comparison of the proposed and the existing computer-vision SR methods.

Method Approach CNR PSNR (dB) IS

EDSR [159] Supervised 4.13 36.0 18.40

WDSR [160] Supervised 4.31 37.0 20.14

ZSSR [161] Unsupervised 3.28 28.29 41.02

BM3D [40] + ZSSR [161] Unsupervised 4.32 33.72 12.30

Proposed Method Unsupervised 4.69 39.15 26.96

image and trains a small image-specific CNN at test time on examples extracted solely from the input

image itself. The details of the image-specific CNN and the training details can be found in [161]. As the

ZSSR is entirely unsupervised and learns from the input test image, it may not be sufficient to denoise

the OCT image during SR. Therefore, we have also performed an experiment where we first denoise the

OCT image using BM3D [40] and then super-resolve the denoised image using ZSSR.

Fig. 3.16 shows the visual results of the reconstruction performance of the methods for a test OCT

image. Fig. 3.16 (a) shows the noisy LR image. The zoomed versions of two highlighted regions are

presented for the OCT images for better visualization of the minute details. Fig. 3.16 (b)-(f) show the

reconstructed images using the EDSR, the WDSR, the ZSSR, the BM3D+ZSSR and the proposed unsu-

pervised GAN based methods for a magnification factor of 2. Fig. 3.16 (g) shows the true HR image for

reference. As can be seen, the EDSR and the WDSR methods have failed to efficiently reconstruct the

drusen (shown by solid yellow arrow in (1) in Fig. 3.16 (b) and (c)). The ZSSR method has reconstructed

the drusen well, but the image is not denoised well (Fig. 3.16 (d)). The reconstruction performance of

BM3D+ZSSR is quite encouraging compared to the other existing approaches. However, close obser-

vation reveals the presence of some smearing artefacts (see yellow dotted arrow in (2) in Fig.3.16 (g)),

which may have been introduced by the BM3D denoising. The proposed method, on the other hand, has

reconstructed the drusen well and has not introduced any artefacts.

The methods are also quantitatively evaluated on the 17 test images and the performance comparison

in terms of PSNR, CNR and IS is presented in Table 3.4. As can be seen from the table, the proposed

method achieves better performance compared to the existing methods, which corroborates well with the

visual results.
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3.5 Summary

This chapter explored the use of denoising and SR to enhance the visualization of the early AMD

manifestations. An unsupervised GAN based SR method is proposed for the task. The significant advan-

tage of the proposed method is its unpaired training strategy, which improves generalizability and indeed

eliminates the burden of large-scale paired image acquisition. The method has been extensively com-

pared with the well-known state-of-the-art SR methods. The experimental results show that the proposed

method can efficiently denoise and super-resolve the SD-OCT images while maintaining the retinal layers’

edge information and the drusen details. Additionally, the method has a significantly low test time com-

pared to the existing methods. The encouraging SR performance and the low testing time of the method

make it highly suitable for manual and automated OCT analysis in clinical settings. The method can be

reliably used by ophthalmologists to obtain clean HR images for better manual quantification of the patho-

logical manifestations. The method can also be used as a pre-processing block in automated diagnosis

systems to improve the diagnosis performance.
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4. B-scan Attentive CNN for OCT Volume Classification

In the previous two chapters, we discussed the B-scan based OCT classification methods for diag-

nosing retinal diseases. The methods employed only one B-scan to obtain the diagnosis decision. Such

approaches are appropriate for preliminary diagnosis and mass-screening applications where quick diag-

nosis results are desired. However, it is challenging to identify the retinal region for scanning to capture

the pathological manifestations for diagnosis. Such selection requires clinical expertise and may be sub-

jected to inter- and intra-observer variations. Moreover, the clinicians mostly prefer the OCT volumes over

single B-scans for a comprehensive analysis of the spread and severity of the diseases. The volumetric

OCT data constructed from a collection of densely sampled B-scans are more suitable as they scan over

a larger retinal region. The automated classification of OCT volumes can result in a comprehensive and

reliable diagnostic tool for medical practitioners.

Most of the existing automated methods in literature classify the individual B-scans in the volume and

aggregate the diagnosis decision using manual threshold-based inference strategies [35–37, 64]. How-

ever, all B-scans in an OCT volume do not manifest disease symptoms. Summarizing the classification

decision using all the B-scans irrespective of their diagnostic relevance can provide misleading results.

Such methods also require fine-grained expert annotations of the B-scans in the volumes to learn the

model. Fine-grained annotation procedures are very expensive and time-consuming as they involve a

complex grading system with many trained graders for image labeling and verification [98].

In clinical practice, the ophthalmologists identify the salient B-scans with disease manifestations and

fuse the clinical information from these scans to diagnose diseases and their severity stages. Therefore,

this chapter presents a classification method that automatically encodes discriminative information from

the clinically relevant B-scans to make a diagnosis decision for the volume. Recently, the development

of deep attention networks has enabled the neural network to pay more attention to the useful features

for efficient classification. The attention mechanism has been widely used in various fields. For example,

Bahdanau et al. [162] introduced attention into the neural machine translation, Rush et al. [163] proposed

an attention based network for sentence summarization, Chorowski et al. [164] employed an attention

mechanism for speech recognition and Xu et al. [165] proposed an attention based framework for image

caption generation. In the classification tasks, the attention mechanism has been used to provide selective

focus on relevant regions of the visual space to acquire discriminative feature representations, thereby

boosting the recognition performance [166]. Wang et al. [167] proposed a residual attention network that

incorporates soft-attention for generating attention-aware features for classification. The authors in [97]

proposed a SE-block which is a lightweight gating mechanism, to model inter-channel dependencies. Woo

et al. [168] proposed the convolutional block attention module (CBAM) that can be seamlessly integrated
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into any CNN architecture to emphasize meaningful features in spatial and channel-wise dimensions.

Inspired by the success of the attention networks, we propose the B-scan attentive CNN (BACNN),

which uses a self-attention mechanism to provide weights of importance to the salient B-scans of the

volume. The features from the B-scans of the volume are then aggregated based on the attention weights

to obtain a high-level attentive representation for classification. The self-attention also eliminates the

requirement of fine-grained annotation of the B-scans and enables the utilization of only the volume level

labels for model learning.

The rest of the chapter is organized as follows. The proposed BACNN method is discussed in section

4.1. The experimental results are presented in section 4.2. The chapter is summarized in section 4.3.

4.1 B-scan Attentive CNN for OCT Volume Classification

The schematic representation of the proposed framework is presented in Figure 4.1. The method con-

tains three modules: the feature extraction module, the attention module, and the classification module.

The feature extraction module extracts spatial features from each of the B-scans in the volume and en-

codes them as representative vectors. The attention module generates weights for the B-scan features,

which are aggregated through weighted summation. The aggregated feature vector is finally applied to

the classification module to generate the class label for the input OCT volume. The following sub-sections

provide the details of each of the modules.

4.1.1 Feature Extraction Module

This module focuses on extracting features from the B-scans of the OCT volumes. Let us define

an OCT volume as V = {V1, V2, ..., VN̂} containing B-scans Vi ∈ Rdm×dn , i ∈ {1, 2, ..., N̂}. Here,

N̂ represents the number of B-scans in the volume and dm and dn are the dimensions of the B-scans.

Spatial feature representations are extracted from each of the B-scans of the volume V using CNNs. The

CNNs are used for the task as they can capture local spatial changes in the OCT B-scans through the

learnable convolution kernels. As can be seen from Figure 4.1, each of the B-scans are fed to different

CNNs for feature extraction. The output, fvi of the CNN for the input B-scan Vi is given as

fvi = f(Vi;θe) (4.1)
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Figure 4.1: Block diagram of the BACNN classification method.

where f(.) represents the composite function for the multiple linear and non-linear operations of the CNN,

θe represents the parameters of the CNN. A parameter sharing strategy is employed for the convolutional

layers of the different CNNs. This reduces the number of trainable parameters and also constrains the

CNNs to learn generalizable features across the B-scans. Thus fvi ∈ Rde×1, i ∈ {1, 2, ..., N̂} is the

encoded CNN feature vector for the B-scan Vi and de represents the dimension of fvi .

Recently, Rasti et al. [35] presented the single scale CNN for the classification of AMD, DME and

healthy control B-scans. The method employed a series of convolution, BN and pooling layers followed

by an FC layer for classification and achieved promising classification performance. Considering the

success of the network for OCT classification, we have employed a similar architecture for extracting

spatial information from the OCT B- scans. The network architecture of the CNNs are given as

C(5,3)BRP(2) → C(3,3)BRP(2) → C(3,3)BRP(2) → C(3,3)BRP(2) →

C(3,3)BRP(2) → Flatten→ D(32)

(4.2)

where C(k,n)BRP(p) is a sequence of convolutional layer followed by BN, non-linear ReLU activation func-

tion and max pooling layers. Here, k represents the kernel size. n and p represent the number of convo-

lution filters and the pool size respectively. D(d̂) is a dense layer with d̂ output neurons.
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4.1.2 Attention Module

As discussed previously, the disease symptoms do not manifest in all the B-scans of the volume.

Hence, identifying the salient B-scan features is crucial for discriminative feature extraction and reliable

classification. The attention mechanism has proven useful in locating the salient features and guiding the

network to focus on these features during classification [58]. In this study, a self-attention mechanism is

employed to assign appropriate weights of importance to the B-scan features based on the diagnostic con-

tent manifested in the B-scans. The features are then weighted by the attention weights and aggregated to

obtain an attentive feature representation. The attentive vector can represent the vital discriminative dis-

ease features well and hence, guarantee improved classification performance. The design of the attention

module is given as follows.

The module accepts the encoded feature vectors from the feature extraction module and generates

soft attention weights for each of the encoded vectors. It is expected that the attention weights are high for

the features that represent B-scan features manifesting disease characteristics and low for the features

of B-scans having no pathological manifestations. This is achieved by first non-linearly transforming the

feature vectors into a latent space using an FC layer containing dl output neurons followed by a tanh

activation function. The output of the FC layer is given as

li = tanh(Wlfvi + bl) (4.3)

where Wl ∈ Rdl×de and bl ∈ Rdl×1 are the weight matrix and the bias vector for the FC layer, li ∈

Rdl×1, i = {1, 2, ..., N̂} is the obtained latent vector and dl is the dimension of the latent vector li. The

vectors li, i = {1, 2, ..., N̂} are provided to another FC layer with softmax activation to obtain the attention

weights. The self attention weights αi, i = {1, 2, ..., N̂} for the encoded CNN vectors are then obtained

as [166,169,170]

αi = exp(wattli + batt)∑N̂
j=1 exp(wattlj + batt)

(4.4)

where watt ∈ R1×dl and batt ∈ R1 are the learnable parameters of the network. The softmax operation in

Eq. 4.4 ensures that the computed attention weights are positive and sum up to one. These weights act as

a feature selector to highlight the discriminative features from the B-scans with pathological manifestations

and suppress the features from the trivial B-scans. In this way, the weights guide the network to focus

on clinically relevant features thereby assuring reliable classification. Finally, the CNN feature vectors of

the B-scans, fvis, i ∈ {1, 2, ..., N̂}, are aggregated through weighted summation of the fvis and αis ,
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i ∈ {1, 2, ..., N̂} to obtain the attentive feature vector h ∈ Rde×1 as

h =
N̂∑
i=1

αifvi . (4.5)

4.1.3 Classification Module

In the classification stage, h is fed to an output FC layer with softmax activation. This layer computes

the probability distribution of the output categories for the volume V as

pv(c|V) = Softmax(Wvh+ bv) (4.6)

where pv(c|V) is the probability of the volume V belonging to class c, c ∈ {1, 2, ..., C}, C is the number

of output classes, Wv ∈ RC×de and bv ∈ RC×1 are the weights and biases of the output layer. The final

predicted output label for volume V is obtained as

class(V) = argmax
c=1,2,...,C

pv(c|V). (4.7)

Training Loss Optimization: In the training phase, the network parameters are trained using backprop-

agation by minimizing the multi-class categorical cross entropy loss (Eq. 4.8) between the probabilistic

output and one hot encoded labels for a set of training samples (Vm, ym),m ∈ {1, 2, ...,M}.

L = − 1
M

M∑
m=1

C∑
c=1
I(ym = c) log pv(c|Vm) (4.8)

where I(.) is an indicator function which is equal to one if ym equals to c.

Once the proposed model is trained, it can be used to obtain the class predictions for unseen OCT

volumes. In the following section, we analyse the performance of the proposed method and compare it

with the state-of-the-art OCT classification models.

4.2 Experimental Results

In this section, we present the performance evaluation of the proposed BACNN method. The clinical

database used for evaluation, the network details, the ablation study and the results are also discussed.
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Figure 4.2: Variation in the accuracy for different sizes of dl.

4.2.1 Clinical Database

The proposed method is evaluated on two publicly available OCT volume databases: the DUIA [46]

and the NEH [35]. The DUIA dataset is the world’s largest SD-OCT database for intermediate AMD and

control subjects. It contains OCT volumes from 269 AMD and 115 control subjects. All the subjects in this

database have 100 B-scan images per volume. The NEH dataset contains 3D SD-OCT volumes from 48

AMD, 50 DME and 50 normal subjects. The number of B-scans per volume varies from 19 to 61. We have

down-sampled all the volumes in this dataset to 19 B-scans for the NEH database for ease of processing.

4.2.2 Evaluation Scheme and Performance Measures

In this work, a 5-fold cross-validation protocol is considered for both the databases. For efficient train-

ing, data augmentation is performed on the training folds by flipping the B-scans of the OCT volumes.

However, no augmentation process is carried out for the testing folds. The classification performance for

the DUIA database containing two classes (AMD and normal) is evaluated using the sensitivity, precision,

F1 score, accuracy values from the binary confusion matrix. The performance of the NEH database con-

taining three classes (AMD, DME and normal) is evaluated using the class-wise and the overall measures.

The class-wise measures include the sensitivity (SE), the precision (PR) and the F1 score (F1). The over-

all measures used are the overall sensitivity (OS), the overall precision (OP), the overall F1 score (OF1)
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Table 4.1: The effect of the attention module on the classification performance for the DUIA dataset.

Method Sensitivity(%) Precision(%) F1 score(%) Accuracy(%) AUC Kappa

CNN- w/o Attention 96.64 ± 2.47 96.37 ± 2.79 96.47 ± 1.79 95.02 ± 2.52 0.93 ± 0.03 0.88 ± 0.06

BACNN 97.76 ± 3.07 98.14 ± 1.84 97.97 ± 2.76 97.12 ± 2.98 0.97 ± 0.03 0.93 ± 0.07

The bold values show the performance of the proposed method.

and the overall accuracy (OA). The AUC and kappa values are also analyzed for both the databases.

4.2.3 Network Parameters and Ablation Study

The details of the different hyper-parameters for obtaining the desired results are discussed here.

The B-scan images of the volume are flattened, cropped and resized to 128 × 256 before the training

process [35]. The number of B-scans per volume, i.e., the data-dependent parameter N̂ are 100 and

19 for the DUIA and the NEH databases, respectively. The parameters of the CNN used for feature

extraction, i.e., the kernel size, the number of filters, the pool size and the neurons in the dense layers,

are provided in Eq. 4.2. In the attention module, the size dl of the non-linearly transformed CNN vectors

is obtained by performing a grid search. The values of dl in the set {16, 32, 64, 128, 256} are considered

and the corresponding classification accuracies are observed for the DUIA database. Figure 4.2 shows

the variation of the accuracy with respect to dl. It can be seen that the accuracy increases with the

increase in dl until dl = 64. No significant increase in accuracy is observed beyond that point. To build

a light-weight network with fewer parameters, dl is set to 64 for the analysis of the proposed method. A

drop-out factor of 20% is applied to the output layer to prevent over-fitting. In the classification stage, the

parameter C represents the number of output classes. The value of C for the DUIA and the NEH datasets

are 2 and 3, respectively. These hyper-parameters are set to the above discussed values for obtaining

the classification result of the proposed method and for the comparison with the existing methods. For

efficient training, data augmentation is performed on the training folds by horizontally flipping the B-scans

of the OCT volumes. However, no augmentation is carried out for the testing folds. The model is trained

with an Adam [123] optimizer with a learning rate of 10−3 on mini-batches of size 9 for 3800 iterations. An

NVIDIA Tesla V100 GPU is used to perform the experiments.

We present an ablation study to highlight the importance of the attention module in the proposed

framework.

Significance of the attention module: To verify the usefulness of the attention module, the results for

the proposed framework without the attention module are reported. This configuration is named ‘CNN
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Table 4.2: The effect of the attention module on the classification performance for the NEH dataset.

Method Class SE(%) PR(%) F1 (%) OS/OP/OF1(%) OA(%) AUC/Kappa

AMD 79.50 ± 2.88 94.09 ± 6.84 86.25 ± 6.95 89.71 ± 3.74
0.92±0.03

CNN- w/o Attention DME 100.0 ± 0.00 95.46 ± 5.25 97.62 ± 2.75 90.53 ± 4.06 89.94 ± 3.77
0.85 ± 0.06

Normal 89.94 ± 3.97 82.08 ± 6.29 85.68 ± 5.57 89.85 ± 3.86

AMD 92.00 ± 4.41 89.78 ± 0.49 90.74 ± 4.35 93.23 ± 2.23
0.95 ± 0.01

BACNN DME 100.0 ± 0.00 98.18 ± 4.07 99.05 ± 2.13 93.44 ± 2.28 93.24 ± 2.28
0.90 ± 0.03

Normal 87.78 ± 4.37 92.36 ± 7.73 89.75 ± 3.01 93.17 ± 2.24

The bold values show the performance of the proposed method.

- w/o Attention’. To realize this architecture, we employed the GAP in place of the attention module.

Specifically, the feature vectors obtained from each of the input B-scan images are pooled using GAP and

concatenated to form a representative vector which is then applied to the classifier for classification. The

classification performances for the CNN - w/o Attention and the BACNN models for the DUIA and the NEH

datasets are given in Tables 4.1 and 4.2, respectively. It can be observed from both the tables that the

proposed method outperforms the CNN - w/o Attention model. Notably, the BACNN method achieves an

improvement of 1.8% in precision, 2.1% in accuracy and 4.3% in AUC over the CNN - w/o Attention for the

DUIA database. Similarly, enhancements of 3.7% in OF1 and OA are observed for the proposed method

on the NEH database. This verifies that the attention module aids in efficient classification by highlighting

the discriminative features from the salient B-scans of the volume.

4.2.4 Performance Comparison with Existing Methods

The proposed method is compared with the B-scan based and the 3D volume based classification

models. The B-scan based volume classification methods classify each of the B-scans in the volume, and

the volume level classification scores are obtained by the following rule: in a given volume, if the number

of B-scans predicted as pathological is higher than 30%, then the volume is classified as pathological

else normal [35]. Recently proposed OCT B-scan volume classification methods like the SC-CNN [35]

and the fine-tuned InceptionV3 [34] are considered in this study. Popularly used feature engineering

HOG+SVM [36] method and transfer learning based models like the VGG16 [77] and the ResNet [75]

are also used for comparison. For the 3D volume based method, the 3D-CNN (conv3D) architecture

presented by Maetschke et al. [171] is adapted for the purpose of comparison. The conv3D method

utilizes 3D convolution operations with GAP and an output FC layer to classify the OCT volumes.

The training of the B-scan based volume classification methods for the DUIA dataset is performed by

extracting 20 pathological B-scans per AMD volume and 50 normal B-scans per healthy control volume

83TH-2540_166102012



4. B-scan Attentive CNN for OCT Volume Classification

Table 4.3: Performance evaluation of the proposed BACNN and the existing methods on the DUIA database using
5-fold cross-validation.

Method Sensitivity(%) Precision(%) F1 score(%) Accuracy(%) AUC Kappa

HOG+SVM [36] 88.47 ± 6.06 98.34 ± 1.80 93.07 ± 3.59 90.83 ± 4.60 0.93 ± 0.04 0.79 ± 0.09

SC-CNN [35] 93.66 ± 5.01 97.05 ± 2.74 95.23 ± 2.34 93.45 ± 3.06 0.93 ± 0.03 0.85 ± 0.07

VGG16 [77] 94.80 ± 3.03 96.32 ± 2.89 95.51 ± 1.78 93.73 ± 2.47 0.93 ± 0.03 0.84 ± 0.06

InceptionV3 [34] 91.46 ± 4.24 99.23 ± 1.05 95.13 ± 1.95 93.46 ± 2.41 0.95 ± 0.01 0.85 ± 0.05

ResNet [75] 89.59 ± 4.05 99.19 ± 1.10 94.10 ± 2.20 92.14 ± 2.76 0.94 ± 0.02 0.82 ± 0.06

Conv3D [171] 94.22 ± 4.72 88.39 ± 5.35 91.23 ± 4.05 87.20 ± 5.86 0.83 ± 0.08 0.68 ± 0.15

BACNN 97.76 ± 3.07 98.14 ± 1.84 97.97 ± 2.76 97.12 ± 2.98 0.97 ± 0.03 0.93 ± 0.07

The bold values show the performance of the proposed method.

from the training set. Similarly, for the NEH dataset, all the B-scans from the training OCT volumes are

acquired. The fine-tuning of the transfer learning models (VGG16, ResNet and InceptionV3) is carried out

by first replacing the output layer neurons with the number of classes (two and three for the DUIA and NEH

dataset, respectively). All the network parameters except the output layer are frozen. The Adam [123]

optimizer is used for fine-tuning on mini-batches of size 64 for 11,000 iterations. The training of the

conv3D [171] is performed directly on the training OCT volumes with similar settings as the proposed

method.

4.2.5 Results on the DUIA database

Table 4.3 shows the 5-fold cross-validation classification performance of the proposed and the exist-

ing methods on the DUIA database. It can be observed that the conv3D method shows inferior perfor-

mance in terms of precision, F1 score, accuracy, AUC and kappa values compared to the B-scan based

classification methods (HOG+SVM, SC-CNN and transfer learning). This is because the minute clini-

cal details which are essential for efficient classification are lost in the voxel based convolution process.

The HOG+SVM shows very limited improvements in the classification performance over the Conv3D. As

discussed previously, the simple gradient-based features captured by the HOG may not be sufficient for

encoding the complex diagnostic features of the OCT B-scans, thereby providing limited performance.

The SC-CNN and the pre-trained networks (VGG16, InceptionV3 and ResNet) perform quite similarly and

achieve an F1 score and accuracy of nearly 95% and 93%, respectively. The proposed BACNN method

performs favorably well, exhibiting a minimum improvement of nearly 3% in sensitivity, 3.5% in accuracy,

2% in AUC and 8% in kappa values over the existing methods. Specifically, the method achieves sensi-
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Table 4.4: Performance evaluation of the proposed BACNN and the existing methods on the NEH database using
5-fold cross-validation.

Method Class SE(%) PR(%) F1 (%) OS/OP/OF1(%) OA(%) AUC/Kappa

AMD 90.00 ± 14.14 86.03 ± 11.76 86.83 ± 7.50 89.70 ± 4.43
0.92 ± 0.06

HOG+SVM [36] DME 100 ± 0 94.85 ± 7.55 97.23 ± 4.09 91.35 ± 3.79 89.74 ± 4.29
0.85 ± 0.06

Normal 79.11 ± 14.31 93.16 ± 10.27 83.94 ± 8.44 89.33 ± 4.64

AMD 90.00 ± 12.25 88.21 ± 13.06 87.78 ± 5.50 88.37 ± 3.29
0.91 ± 0.03

SC-CNN [35] DME 98.00 ± 4.47 94.67 ± 7.67 96.18 ± 5.24 90.81 ± 4.01 88.38 ± 3.24
0.83 ± 0.05

Normal 77.11 ± 12.08 89.57 ± 10.85 81.73 ± 9.54 88.56 ± 4.96

AMD 93.56 ± 5.97 72.88 ± 13.17 81.39 ± 9.05 80.59 ± 9.29
0.86 ± 0.06

VGG16 [77] DME 100.0 ± 0 85.80 ± 10.56 92.08 ± 6.17 85.39 ± 5.31 80.74 ± 8.90
0.72 ± 0.13

Normal 48.22 ± 24.47 97.50 ± 5.59 60.79 ± 24.82 78.09 ± 12.19

AMD 86.00 ± 12.91 87.18 ± 9.83 84.47 ± 11.83 89.78 ± 5.29
0.92 ± 0.03

InceptionV3 [34] DME 98.00 ± 4.47 98.18 ± 4.07 97.99 ± 2.75 91.57 ± 4.02 89.81 ± 5.24
0.85 ± 0.07

Normal 85.33±14.45 89.33 ± 15.35 93.78 ± 9.08 89.41 ± 5.59

AMD 94.00 ± 13.42 79.43 ± 14.93 84.40 ± 6.14 86.30 ± 3.86
0.89 ± 0.03

ResNet [75] DME 98.00 ± 4.47 93.03 ± 7.07 95.23 ± 3.23 89.70 ±1.82 86.36 ± 3.57
0.79 ± 0.05

Normal 66.88 ± 21.82 96.67 ± 7.46 76.65 ± 12.33 85.46 ± 4.40

AMD 66.36 ± 11.73 65.83 ± 14.24 64.42 ± 6.54 67.41 ± 3.18
0.75±0.02

Conv3D [171] DME 85.00 ± 12.91 76.97 ± 6.59 80.70 ± 9.38 67.50 ± 4.27 67.60 ± 3.45
0.51 ± 0.05

Normal 54.80 ± 12.41 59.69 ± 12.40 53.28 ± 19.11 66.13 ± 4.78

AMD 92.00 ± 4.41 89.78 ± 0.49 90.74 ± 4.35 93.23 ± 2.23
0.95 ± 0.01

BACNN DME 100.0 ± 0.00 98.18 ± 4.07 99.05 ± 2.13 93.44 ± 2.28 93.24 ± 2.28
0.90 ± 0.03

Normal 87.78 ± 4.37 92.36 ± 7.73 89.75 ± 3.01 93.17 ± 2.24

The bold values show the performance of the proposed method.

tivity, precision and accuracy of 97.76%, 98.14% and 97.12%, respectively. An AUC of 0.97 and kappa

of 0.93 are also obtained. The improved classification performance demonstrates the effectiveness of the

attention module that provides more weight to the features vital for efficient classification.

4.2.6 Results on the NEH database

The experimental results on the NEH dataset are shown in Table 4.4. As can be observed, a perfor-

mance trend similar to the DUIA database is seen for this dataset as well. The proposed BACNN method

outperforms the existing methods and attains an impressive OS of 93.23%, OP of 93.44%, OA of 93.24%,

AUC of 0.95 and kappa value of 0.9. It can be seen from Table 4.4 that the proposed method outperforms

the existing methods without compromising on the class-wise detection performance. It is also observed

that the proposed method shows less variance in performance across the 5-folds, thereby rendering better

generalization.

Figure 4.3 compares the average test run times for the different methods. The measurements for the
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Figure 4.3: Comparison of the OA and the average run time of the methods on (a) the DUIA and (b) the NEH
databases.

testing times are taken from a system with an i5 processor with 16 GB RAM and Quadro K600 graphics

processor. It can be observed that the Conv3D method has the lowest test run time. This is because it

processes the entire OCT volume together as opposed to the B-scan based methods. However, the low

OA of the method makes it unsuitable for clinical applications. The HOG+SVM takes the highest run time

as it serially processes the B-scans in the volume to obtain the classification result. It can be observed

that the average test run time for the proposed method is lower than the VGG16, the InceptionV3 and

the ResNet. This is because of the shared CNN network used in the feature extraction module and the

light-weight nature of the proposed method with fewer parameters compared to the bulky networks like the

VGG16, the InceptionV3 and the ResNet. The proposed method takes an average time of 0.43 seconds

and 0.15 seconds to generate the classification outputs for the DUIA and the NEH databases, respectively.

4.2.7 Visualization of the Learned Attention Weights

The self-attention module of the proposed method is designed to provide weights of importance to

the B-scans based on their diagnostic relevance. To verify the effectiveness of the module, the attention

weights are visualized to identify the salient B-scans that are given more priority in the classification

process. Figure 4.4 (a) shows the B-scans from a DME volume along with the attention weights in the

form of a heat map. The white arrows on the B-scans highlight the pathological manifestations. It can be

observed that the attention weights are very low for the B-scans 1, 8 and 19 that have no pathological

manifestations. As the DME manifestations become prominent in the B-scans, the attention weights also

increase. It can be seen that the highest attention weights are obtained for the B-scans (see Figure 4.4
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Figure 4.4: Examples of OCT volumes and the corresponding attention maps. (Best viewed in color)

(a): B-scan 12 and 13) that have severe and prominent DME manifestations. Similar observations are

seen for other volumes of the database. Hence, it is clear that the method automatically identifies the

affected B-scans and provides appropriate weightage to these scans during the classification based on

the severity of the manifestations.

Figure 4.4 (b) and (c) show attention weights for AMD volumes from the NEH and DUIA datasets,

respectively. It can be seen that the pathological symptoms in the B-scans of Figure 4.4 (c) (shown by

white arrows) are smaller in size compared to Figure 4.4 (b). However, the attention weights (Figure

4.4 (b)) have successfully attended to the B-scans that manifest these minute symptoms. Therefore,

the BACNN method is also suitable for diagnosing the early stages of the diseases. It is evident from

the attention weights that the proposed method correlates with the ophthalmologists’ way of diagnosing

retinal diseases. The method also eliminates the need for manual tuning of thresholds, which is obligatory

for the B-scan based classification approaches.

To provide a more transparent diagnostic basis, we also visualize the regions of the B-scan images that

are important for correct classification using Grad-CAM [129]. Figure 4.5 shows the Grad-CAM outputs

for the B-scans from AMD volumes that have the highest attention weights. The highlighted portions in

the images are the regions that the network focuses on during classification. It can be seen that the

proposed method attends to the pathological manifestations in the B-scans to make a diagnosis decision.
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Figure 4.5: Grad-CAM outputs for the B-scan images with the highest attention.

This makes the method reliable and establishes trust in the predictions for the users.

4.3 Summary

In this chapter, a new B-scan attentive CNN is presented for the automated classification of the retinal

OCT volumes. The method extracts local spatial features from the B-scans in the volume and inherently

provides weights of importance to the clinically relevant B-scan features for efficient classification. The

experimental results verify that the proposed method outperforms the existing methods with a large mar-

gin. A notable advantage of the method is the diagnostic transparency provided by the attention weights.

The visualization of the attention weights highlights that the method provides higher weight values to the

pathological B-scans while making the classification decision. This process correlates well with the oph-

thalmologists’ way of diagnosing retinal diseases. Thus the method mimics the ophthalmologists’ ways

of clinical diagnosis and can be reliably used in eye clinics and hospitals for the automated diagnosis

of retinal diseases. The method also has a generalizable architecture, i.e., the attention module can be

integrated with any deep learning based feature extractor and can be easily adapted to classify other

diseases.
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5. Conclusions

5.1 Summary of the Work

According to the National Eye Institute, United States of America (U.S.A), the prevalence of AMD

and DME are estimated to increase by the end of 2030 [172]. The high prevalence will result in the

insufficiency of medical experts per patient [173]. It would be troublesome for any eye care centre to

provide screening services at a large scale with a limited number of skilled personnel. Thus, computer-

aided diagnosis can be more suitable as it can accomplish fast and reliable screening, enable the semi-

skilled medical personnel at remote locations to perform preliminary diagnosis and reduce the overall cost

of care. In this regard, this thesis presented various classification frameworks for the automated diagnosis

of retinal diseases using OCT images and volumes. The methods considered the pathological evidence

of the retinal diseases and handled the imaging bottlenecks (speckle noise and poor resolution) of OCT

to develop robust DL based classifiers. A summary of the thesis is given as follows.

In Chapter 1, an introduction to OCT imaging of the retina and the challenges encountered during

diagnosis were discussed. Along with these, the literature review of the existing classification methods for

OCT images and volumes was presented. A brief survey of the different simultaneous denoising and SR

methods for improving the diagnostic details in the images was also reported. Although many methods

were proposed in the literature for the OCT classification, a few research challenges existed that were

not effectively addressed. One such challenge was the efficient representation of the diverse multi-scaled

disease characteristics of the retinal lesions for improved classification of the B-scans. Most of the existing

DL based methods had employed single-scale CNNs for feature extraction and classification of the OCT B-

scans [34,37,58]. However, it was challenging to encode the variabilities in the pathological morphologies

of different diseases efficiently by ignoring potentially useful information on different scales. Therefore,

we proposed two multi-scale feature fusion based methods in Chapter 2 to maximally encode the disease

characteristics manifested in the B-scans for improving the diagnosis performance.

The first proposed method, namely, the MDFF, explored the use of spatial pyramid based image rep-

resentations to obtain the multi-scale views of the images. Multiple CNN based feature extractors were

then employed to encode the scale-specific features. These features were fused through concatenation

to obtain high-level discriminative feature representation for classification. The MDFF method attained

an OA of 94.52% with an improvement of over more than 5% on the UCSD database compared to the

recent state-of-the-art OCT classification methods like the IFCNN [56] and LGCNN [89]. To further im-

prove the classification performance, the LM-DFF method was proposed. The method employed multiple

CNNs with different receptive fields to automatically extract scale-specific features from the OCT images.
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The receptive fields were varied using dilated convolutions with different dilation factors for each of the

CNNs. The scale-specific features were fused through concatenation to obtain powerful multi-scale fea-

tures for classification. A joint multi-loss optimization strategy was also designed to effectively learn the

scale-specific and cross-scale features for classification. The LM-DFF method outperformed the MDFF

method by a margin of 1.5% and 2% in terms of OA on the UCSD and the NEH databases, respectively.

Specifically, the method achieved an impressive OA of 96.03% and 99.6% on the UCSD and the NEH

databases, respectively. The improved performance of the LM-DFF method can be attributed to the learn-

able multi-scale feature extraction obtained using the dilated convolutions and the joint loss optimization

that can effectively capture the within and cross-scale discriminative feature representations for efficient

classification.

The second challenge we addressed was the simultaneous denoising and SR of the OCT images for

improved diagnosis of intermediate AMD. Recent methods have relied on example-based strategies that

require paired LR and HR images during model training [14,33,108]. However, the large-scale acquisition

of paired LR-HR images for efficient supervised learning is challenging due to various reasons [136].

It is also well known that the DL based models require a large amount of data to perform reasonably

well [98]. To mitigate the data scarcity issue and still make use of the advantages of DL, an unsupervised

GAN based denoising and SR framework was proposed in Chapter 3. The method did not rely on one-

to-one alignment between the LR and the HR images during training. The option of using unpaired

images provided flexibility to leverage the already available OCT data for better generalization of the

denoising and SR performance. The adversarial learning of the GANs and the sophisticated optimization

objectives helped in building a model that can reliably reconstruct the clinical details even in the absence

of paired training images. The experimental results on clinical-grade OCT images confirmed that the

proposed method outperformed the existing methods by a large margin both in terms of SR performance

and computational time. The method achieves a PSNR of 39.15 dB and 35.67 dB for a magnification factor

of 2 and 4, respectively. The method takes nearly 4 seconds to generate the clean HR images from the

noisy LR images. The usefulness of the method was also demonstrated by comparing the classification

performance of intermediate AMD and normal subjects using the noisy LR and the reconstructed clean

HR images. An improvement of 3.8% in classification accuracy was observed when the reconstructed

clean HR images were used for classification compared to the noisy LR counterparts.The results verified

that the generated clean HR images effectively reconstructed the essential clinical details which led to the

improvements in the intermediate AMD classification performance.

In Chapter 4, the task of OCT volume classification was addressed. The OCT volumes span a larger
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retinal region and are useful for assessing the severity stages of the retinal diseases. The state-of-the-art

methods in literature classified the individual B-scans within the volume and aggregated the diagnosis

decision for the OCT volume using manual threshold-based rules [35–37]. However, the retinal lesions

may not manifest in all the B-scans of the volumes [99]. Hence, summarizing the classification decision

using all the B-scans irrespective of their diagnostic relevance could provide misleading results. To tackle

this issue, we presented the BACNN method that selectively focused on the features of the diagnostically

relevant B-scans to make a classification decision. The method included three modules: the feature

extraction module, the attention module and the classification module. The feature extraction module

used a CNN framework to extract local spatial feature representations from the B-scans of the volume. The

attention module provided weights of importance to the obtained feature vectors based on their diagnostic

relevance. The features were then weighted by the attention weights and aggregated to obtain an attentive

feature representation. The discriminative attentive representation was fed to the classification module to

obtain the class labels for the input volume. The proposed method improved the diagnostic accuracy

of AMD volume classification by nearly 4% compared to the B-scan based approaches, achieving an

OA of 97.12%. A notable advantage of the proposed method was the diagnostic transparency that was

achieved by the visualization of the attention weights. The weights provided information about the B-scans

that were given higher importance during the classification process. Visual analysis of the weights and

the corresponding B-scan images verified that the network was correctly identifying the salient B-scans for

classification. This analysis of the weights imparted interpretability to the model and made it more reliable

for clinical use.

5.2 Future Directions

Despite the automated solutions for diagnosis presented in the thesis, some limitations still exist that

need to be addressed in future works. Some of them are given below.

• It is well known that the DL based methods require large amounts of data to generate reason-

ably good performance. However, considering the asymptomatic nature of the retinal diseases,

large-scale databases for the early stages of the diseases are less abundantly available. The limited

availability affects the classification results of the automated methods for these stages. For example,

Table 2.5 in Chapter 2, shows a drop in the class-wise performance for the drusen class compared to

the other classes. This is because the number of samples of the drusen class is quite less compared

to the other classes. Even though a cost-sensitive learning strategy has been adopted, there is still
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room for improvement. Recently, the data-efficient DL based methods have shown to provide gen-

eralizable results in limited training data conditions. Odena [174] presented a semi-supervised GAN

architecture, where the discriminator was altered to perform multi-class classification. It was found

that the changed architecture created a more data-efficient classifier. The data-efficient attribute of

the modified GAN can be suitably used for the classification of clinical OCT images as well [112]. A

detailed study on such data-efficient approaches can be performed in the future.

• In Chapter 3, we proposed an unsupervised GAN based method for simultaneous denoising and

SR method of OCT B-scans. The method is trained and evaluated on the images acquired from the

Bioptigen SD-OCT system. It would also be interesting to study the behaviour and generalizability of

the proposed method on images acquired from different OCT systems such as Heidelberg, Zeiss and

Topcon devices. Also, at present, the proposed method is extended to 3D OCT data by denoising

and super-resolving individual B-scans of the volume. Recently, it has been proven that 3D SR

for medical volumetric data delivers better visual results than conventional two-dimensional (2D)

processing [175]. Hence, it would be interesting to explore the 3D denoising and SR of the OCT

volumes for superior reconstruction performance.

• The proposed SR method in Chapter 3 (as well as the existing methods [14, 33, 105, 108]) uses

the PSNR to quantify the reconstruction performance. The PSNR is computed as the ratio of the

maximum power of the image to the mean squared error between the original and the reconstructed

images. Such an approach is highly suitable for natural images as they have high texture variations

throughout. However, in the OCT images, the clinical information is confined only to a small region

(retinal layers), and the rest can be treated as non-diagnostic background regions. Global non-

diagnostic measures like the PSNR provide equal priority to all pixels in the image irrespective of

their diagnostic content. As the non-diagnostic pixels are much higher in number than the diagnostic

pixels in the OCT images, the diagnostic distortions occurring during the reconstruction process may

get diluted in the error quantification process. Therefore, specialized quality assessment metrics

need to be developed that focus more on the diagnostic features in the OCT images to quantify the

distortion.

• In Chapter 4, the BACNN method is proposed for the classification of the OCT volumes. The method

provides attention weights to the B-scans in the volume based on their diagnostic relevance during

classification. The attention weights can be further analysed to predict the spread and the severity

of the diseases as well. For example, if most of the B-scans have high attention weights, it can be
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inferred that the disease has spread to a large retinal region and vice versa. Further, the attention

weights can be used as cues to identify the salient B-scans on which detailed analysis such as the

quantification of the disease lesions can be performed for grading the severity of the diseases.

• This thesis focused on grossly identifying AMD and DME B-scans/volumes from the healthy con-

trols. However, retinal diseases such as AMD, can manifest in several stages, mainly described

as early, intermediate and advanced [45]. Patients with early symptoms of AMD can suddenly

progress to advanced stages (without any noticeable visual changes) with abnormal vessel growth

and protein leakage under the macula, leading to irreversible damage and rapid vision loss [176].

Thus, identifying patients with the impending risk of progression is an interesting and challenging

research problem. The SD-OCT has enabled the accurate representation of the AMD manifesta-

tions such as drusens, pigmentary changes in the RPE and intra-retinal fluid deposits [177]. The

characterization of these features from the SD-OCT volumes are useful biomarkers for the staging

of AMD [47]. Advanced studies demonstrate the interaction of genetic, demographic (age, gender

and medical history) and environmental risk factors (diet and smoking) in accelerating the disease

progression [178]. Hence, combined analysis of imaging and clinical features (genetic, demographic

and environmental factors) can play a key tool in the prognostic evaluation of AMD, which needs to

be addressed in the future.

• The SD-OCT provides information about the anatomical structures of the retinal layers. However, it

is limited in terms of its ability to provide the retinal microvasculature details [179]. The clinical in-

vestigation of the retinal vasculature provides useful information about vascular leakage, occlusions,

vessel density and branching patterns [180,181]. Such clinical information is useful in the early diag-

nosis of retinovascular diseases, such as diabetic retinopathy, DME, CNV and retinal vein occlusion.

For many years, the FA has been considered as the gold standard for imaging the retinal vascu-

lature [182]. However, FA is time-consuming, requires intravenous access, and can have adverse

effects, including nausea and more serious allergic reactions [183]. The OCT- angiography (OCT-A)

is a recently emerging non-invasive imaging technique that can generate volumetric angiography

images in a few seconds [184]. Recent findings demonstrate the effectiveness of the concomitant

use of the en-face OCT-A with the SD-OCT for the diagnosis of retinal diseases [185]. Hence, multi-

modal automated analysis of OCT-A and SD-OCT can provide better insights for staging and risk

prediction of retinal diseases.

• Lastly, we perceive that the lack of adequate databases has mostly limited the research in this field.
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Large-scale databases featuring different diseases and multi-modal imaging outcomes from subjects

need to be created to forward the research in the field.
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Retina and its Micro-structures

The retina is the light-sensitive layer of the eye that converts light from the object to electrical impulses

that are communicated to the brain for visual perception [3]. Figure A.1 shows the sagittal view of the hu-

man eye and the hierarchical arrangement of the different cells of the retina. As can be seen from Figure

A.1 (a), the retina is present in the posterior part of the eye and is surrounded by the tough external fibrous

layer called the sclera and the vascular choroid layers. The retinal micro-structure contains the photore-

ceptor cells, also known as rods and cones cells (see Figure A.1 (b)) that convert the electro-magnetic

waves of light from the object to electro-chemical gradient potentials. These potentials further excite the

bipolar and the ganglion cells (see Figure A.1 (b)) to generate action potentials that are transmitted to the

central nervous system through the nerve fibers. The retina also contains supporting cells like the Müller

cells ( see Figure A.1 (b)) to keep the retinal structure intact by fixing the photo-receptor and the neuronal

cells at their respective spatial locations. Similarly, the melanin-rich retinal pigment epithelium (RPE) cells

(see Figure A.1 (b)) present posterior to the photoreceptor cells absorb the excess light falling onto the

retina in order to prevent reflections and degradation of the optical image [186]. The horizontal and the

amacrine cells (see Figure A.1 (b)) are the laterally interconnecting neurons for integrating and regulating

the inputs from the multiple cells. The hierarchical arrangement of the different cells forms the ten layers

of the retina and are given as follows.

(i) inner limiting membrane (INL) formed by the foot-plates of the Müller cells.

(ii) retinal nerve fiber layer (RNFL) created by the axons of the ganglion cells.

(iii) ganglion cell layer (GCL) comprised of the cell bodies of the ganglion cells.

(iv) inner plexiform layer (IPL) made up of the fibers and synapses of the ganglion cells and the bipolar

neurons.

(v) inner nuclear layer (INL) constituted by the cell bodies of the bipolar neurons, the amacrine and

the horizontal cells.

(vi) outer plexiform layer (OPL) comprised of fibers and synapses of the bipolar neurons and rod and

cone cells.

(vii) outer nuclear layer (ONL) composed of the cell bodies of the photoreceptors.

(viii) external limiting membrane (ELM) formed by the thin membrane formed by the Müller cell pro-

cesses.
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Figure A.1: Visual illustration of the different layers of the retina.

(ix) photoreceptor layer (PR) made up of the outer segments of the rods and cones and lies anterior

to the RPE layer.

(x) RPE layer created by the multitude of the RPE cells of the retina.
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The different layers of the retina presented above are highlighted in Figure A.1. The OCT B-scan

images provide the visualization of these layers for the diagnosis of various retinal conditions. Figure A.2

shows an OCT B-scan highlighting the different layers of the retina.
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Figure A.2: OCT B-scan highlighting the ten different layers of the retina.
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The CNN is a type of DL model designed to automatically and adaptively learn hierarchical spatial fea-

tures from the input image data [187]. The CNN architecture includes several building blocks: convolution

layer, activation layer, pooling layer and FC layer. Typically, the CNN architecture consists of a stack of

several convolutions, activations and pooling layers followed by FC layers in the end [188]. The details of

the different components of the CNN are given below.

• Convolution layer: This layer is the core building block of the CNN that performs feature extraction

using the convolution operation. The layer is parametrized by learnable kernels (filters) that convolve

over the height and width of the input to generate feature maps [152]. The convolution with multiple

learnable filters results in feature maps that represent different characteristics (features) of the input

tensors. Conventionally, multiple such convolution layers are cascaded in a CNN to extract discrim-

inative hierarchical features. Mathematically, for an input volume I ∈ RHi×Wi×Ci and a convolution

kernel k ∈ Rh×w×c, the output feature map Fo ∈ RHo×Wo for a convolution operation is given as

Fo(x, y) =
Hi∑
nh=1

Wi∑
nw=1

Ci∑
nc=1

k(nh, nw, nc)I(x+ nh − 1, y + nw − 1, nc). (B.1)

The height and width of Fo can be given as Ho = Hi − h + 1 and Wo = Wi − w + 1, respectively.

Here, Hi, Wi and Ci are the height and width and channels of the input volume. h, w and c are

the dimensions of k. It can be observed that the convolution operation reduces the size of the

output feature map. With successive convolution operations, the feature maps would get smaller.

Therefore, to maintain the same size of the inputs and outputs, zero padding is generally used.

The padding adds rows and columns of zeros on each side of the input tensor to retain the same

dimensions of the input and output feature maps. Another key parameter of the convolution operation

is the stride. The stride determines the distance between two consecutive positions of the kernel

during the convolution. The size of the output feature map Fo with padding (P ) and stride (S) is

given as, Ho = Hi−h+2P
S + 1 and Wo = Wi−w+2P

S + 1 [71,189].

• Activation layer: The activation functions are non-linear transformations applied to the outputs of

the linear operations like the convolution. Without the non-linear activations, the neural networks

would perform as linear functions. The non-linear elements allow for greater flexibility and the cre-

ation of complex functions during the learning process. Figure B.1 shows some of the commonly

used activation functions. The rectified linear unit (ReLU) is the widely used activation for the CNNs

and is defined as

σ(x) = max(0, x). (B.2)
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Figure B.1: Activation functions used in the CNNs.

Here σ(x) represents the output of the activation function for input x. As can be seen from the above

equation, the ReLU suppresses the negative inputs to zero, thereby preventing the activation of all

neurons at a time. This reduces the computational complexity of the system, thereby leading to

faster convergence [116].

• Pooling layer: The pooling layer fuses the neighborhood spatial information from the feature maps

using average or max operations. Pooling reduces the spatial resolution of the feature maps, thereby

reducing the number of parameters and improving translation invariance [190]. It is worth mentioning

that the pooling layers do not have any learnable parameters, whereas the hyper-parameters (pool

size, stride and padding) have similar functionalities as the convolution layer. The max-pooling

operation is usually preferred in the CNNs and is performed by selecting the highest activation

within the p × p pooling window size. This window is shifted across the feature map to obtain the

pooled feature representation.

• Fully connected (FC) layer: The output feature maps of the final convolution or pooling layers are
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transformed into a one-dimensional vector and connected to one or more FC layers. These layers

are the dense layers where each node is connected to all the nodes in the previous layer by learnable

weights. The final FC layer, also known as the output layer, contains the same number of neurons

as the number of output categories with a softmax activation to obtain the class probabilities.

• Global average pooling (GAP): The conventional CNNs use convolutional layers for feature extrac-

tion. The last convolutional layer features are transformed into a one-dimensional vector and fed to

the FC layers for classification. However, the FC layers are prone to overfitting and may hamper the

generalization ability of the network [127]. Therefore, the GAP can be used in place of the FC layer

to transform the convolutional feature maps into vectors. The GAP reduces the spatial dimensions

(by averaging) of the convolutional feature maps resulting in a vector that can be fed to the output

layer for classification. The advantages of applying GAP are as follows: (a) reduces the number

of trainable parameters, hence reducing overfitting and (b) enables the CNN to accept inputs of

variable size.

For better training of the CNN, few regularization techniques like the dropout, batch normalization (BN)

and instance normalization are also incorporated into the CNN framework. The details of which are given

below.

• Dropout: It is a regularization technique that deactivates the output of a set of neurons chosen at

random with a specific predefined probability during training [191]. These deactivated units do not

take part in the forward and the backward propagation. The dropout prevents the network from being

highly dependent on only a few neurons of the network as it may be randomly eliminated. Therefore,

the dropout encourages the network to spread out and assign a bit of weight to all the neurons. This

results in shrinking the squared norm of the weights, similar to L2 regularization, thereby preventing

overfitting.

• Batch normalization (BN): Training neural networks can be complicated as the distribution of each

layer inputs changes during training [115]. This problem is also known as the internal covariance

shift. For proper training, low learning rates and careful parameter initialization are required, which

makes the networks very difficult to train. The problem is addressed by the BN that normalizes the

output of the previous layer by subtracting the batch mean and dividing by the batch standard devi-

ation. The batch mean and standard deviation are calculated for each channel across all samples

and both spatial dimensions. This allows the use of much higher learning rates and less careful
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parameter initialization. It helps in the fast and stable training of the network.

• Instance normalization [154]: Unlike BN, the mean and variance are calculated for each channel

for each sample across both spatial dimensions. The normalization technique is generally used for

style transfer and SR applications. It aims to normalize the contrast of the feature map to reconstruct

the images at the target domain better.

105TH-2540_166102012



B. CNN Components

106TH-2540_166102012



Bibliography

[1] G. Panozzo, E. Gusson, B. Parolini, and A. Mercanti, “Role of OCT in the diagnosis and follow up of diabetic

macular edema,” in Seminars in Ophthalmology, vol. 18, no. 2. Taylor & Francis, 2003, pp. 74–81.

[2] A. García-Layana, F. Cabrera-López, J. García-Arumí, L. Arias-Barquet, and J. M. Ruiz-Moreno, “Early and

intermediate age-related macular degeneration: update and clinical review,” Clinical Interventions in Aging,

vol. 12, p. 1579, 2017.

[3] M. D. Abràmoff, M. K. Garvin, and M. Sonka, “Retinal imaging and image analysis,” IEEE Reviews in Biomed-

ical Engineering, vol. 3, pp. 169–208, 2010.

[4] S. Chiu, “Graph theory and dynamic programming framework for automated segmentation of ophthalmic

imaging biomarkers,” Ph.D. dissertation, Duke University, 2014.

[5] W. Drexler and J. G. Fujimoto, Optical coherence tomography: technology and applications. Springer Science

& Business Media, 2008.

[6] J. G. Fujimoto, C. Pitris, S. A. Boppart, and M. E. Brezinski, “Optical coherence tomography: an emerging

technology for biomedical imaging and optical biopsy,” Neoplasia (New York, NY), vol. 2, no. 1-2, p. 9, 2000.

[7] R. J. Zawadzki, A. R. Fuller, M. Zhao, D. F. Wiley, S. S. Choi, B. A. Bower, B. Hamann, J. A. Izatt, and

J. S. Werner, “3D OCT imaging in clinical settings: toward quantitative measurements of retinal structures,” in

Ophthalmic Technologies XVI, vol. 6138. International Society for Optics and Photonics, 2006, p. 613803.

[8] A. Maalej, W. Cheima, K. Asma, R. Riadh, and G. Salem, “Optical coherence tomography for diabetic macular

edema: early diagnosis, classification and quantitative assessment,” Journal of Clinical and Experimental

Ophthalmology, vol. 2012, p. 2, 2012.

[9] A. Al-Mujaini, U. K. Wali, and S. Azeem, “Optical coherence tomography: clinical applications in medical

practice,” Oman medical journal, vol. 28, no. 2, p. 86, 2013.

[10] C. Volz, F. Grassmann, R. Greslechner, D. A. Maerker, P. Peters, H. Helbig, and M.-A. Gamulescu, “Impact of

optical coherence tomography (OCT) on decision to continue treatment for neovascuar age-related macular

degeneration,” Investigative Ophthalmology & Visual Science, vol. 57, no. 12, pp. 3707–3707, 2016.

[11] J. M. Schmitt, S. Xiang, and K. M. Yung, “Speckle in optical coherence tomography,” Journal of Biomedical

Optics, vol. 4, no. 1, pp. 95–106, 1999.

107TH-2540_166102012



BIBLIOGRAPHY

[12] M. Li, R. Idoughi, B. Choudhury, and W. Heidrich, “Statistical model for OCT image denoising,” Biomedical

Optics Express, vol. 8, no. 9, pp. 3903–3917, 2017.

[13] A. Baghaie, Z. Yu, and R. M. D’Souza, “Involuntary eye motion correction in retinal optical coherence tomog-

raphy: Hardware or software solution?” Medical Image Analysis, vol. 37, pp. 129–145, 2017.

[14] L. Fang, S. Li, R. P. McNabb, Q. Nie, A. N. Kuo, C. A. Toth, J. A. Izatt, and S. Farsiu, “Fast acquisition and

reconstruction of optical coherence tomography images via sparse representation,” IEEE Transactions on

Medical Imaging, vol. 32, no. 11, pp. 2034–2049, 2013.

[15] Y.-Y. Liu, M. Chen, H. Ishikawa, G. Wollstein, J. S. Schuman, and J. M. Rehg, “Automated macular pathology

diagnosis in retinal OCT images using multi-scale spatial pyramid and local binary patterns in texture and

shape encoding,” Medical Image Analysis, vol. 15, no. 5, pp. 748–759, 2011.

[16] R. R. Bourne, G. A. Stevens, R. A. White, J. L. Smith, S. R. Flaxman, H. Price, J. B. Jonas, J. Keeffe,

J. Leasher, K. Naidoo et al., “Causes of vision loss worldwide, 1990–2010: a systematic analysis,” The Lancet

Global Health, vol. 1, no. 6, pp. e339–e349, 2013.
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