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Abstract

This thesis aims to develop the algorithm for Automatic Computation of Arteriolar-

venular Ratio in Retinal Fundus Images. Arteriolar-venular ratio (AVR) is corre-

lated with many diseases like coronary heart disease, stroke, atherosclerosis etc. A

high AVR has been associated with higher cholesterol levels, high blood pressure

diseases of the pancreas etc. A low AVR is caused by abnormal widening of the

veins which results chronic high blood sugar levels. Globally around 314 million

individuals suffer from glaucoma, hypertensive retinopathy, and diabetic retinopa-

thy. These conditions gradually contribute to vision loss, which is a significant

concern in developing nations. Timely detection of these vascular changes may

allow preventive treatments to reduce the risk of vision loss. These data can be

used in telemedicine and remote diagnostic areas. Manually classifying arteries

and veins requires expertise in retinal image interpretation and is a very labour-

intensive process. Different tasks associated with automatic computation of AVR

in a fundus image. They are - a) Automated detection of Region of Interest (ROI)

from where the vessels of interest will be taken into consideration, b) Artery-vein

patch extraction based on vessel central-line, c) Classification of vessels into artery

and vein and finally d) Computation of AVR. Below section gives a brief descrip-

tion of each task and approach we have followed:

Automated detection of Region of Interest (ROI) - For this accurate de-

tection and localization of Optic Disc (OD) in the fundus image is the major

task. We utilized a fully convolutional network based on the U-Net architecture

to segment the optic disc (OD). The U-Net design proves highly effective in im-

age segmentation, especially in scenarios with limited availability of input images.

After successful segmentation of OD and removal of false positives, based on the

diameter of the OD, the region of interest is identified. It is an annular region

that falls under two concentric circles of radius 1 and 1.5 times the diameter of

the optic disc.
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Artery-vein patch extraction based on vessel central-line - The next step

is extraction of artery vein mask from the fundus image dataset. In this case,

we have used INSPIRE-AVR dataset for which artery-vein vessels mask ground

truth is available. he centre-line coordinates were then determined using these

masks. Subsequently, separate patches for arteries and veins were generated, each

measuring 32×32, based on the received artery and vein centre-line coordinates.

Classification of vessels into artery and vein and finally - A robust auto-

matic method for classifying arteries and veins (A/V) is necessary to automate

large-scale retinal image processing. We have addressed this classification task by

employing residual attention-based deep neural networks. The attention mecha-

nism reduces the impact of irrelevant features while selectively amplifying impor-

tant ones, allowing the network to improve features at different levels. The Deep

Convolutional Neural Network’s overall performance has been enhanced through

the use of both residual and attention learning processes.

Computation of AVR - The AVR value is calculated from the calibers of the

vessels inside the region of interest (RoI). For this purpose, six largest arteries and

six largest veins are considered. The arteriolar to venular ratio is defined as the

ratio of CRAE and CRVE where CRAE is the Central Retinal Artery Equivalent

and CRVE is the Central Retinal Vein Equivalent. We have applied our method

for AVR computation on the publicly available INSPIRE-AVR dataset. We have

reported the mean error and the correlation coefficient which is comparable to the

reference AVR values.

Keywords: Retinal fundus image, Optic disc detection and segmentation,

Fully convolutional neural network, Convolution neural network, Faster R-CNN,

Computer-aided diagnosis of diabetic retinopathy, Ocular diseases, Arteries and

veins discrimination, Attention mechanism, cardiovascular disorders.
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C H A P T E R 1

Introduction

Arteriolar-venular diameter ratio (AVR) in fundus images is correlated with many

diseases like coronary heart disease, stroke, diabetic retinopathy [1] etc. AVR of

fundus images could be used for the prediction of these diseases. To measure the

AVR, the first top-six wide arteries and top-six wide veins within 1D to 1.5D from

the Optic Disc (OD) where D is the diameter of the optic disc are considered. AV

ratio is calculated using the iterative method proposed by Knudtson et al. [2] using

the formula: AVR=CRAE/CRVE, CRAE being Central Retinal Artery Equiva-

lent and CRVE as Central Retinal Vein Equivalent. Higher blood pressure, high

cholesterol, and pancreatic illnesses have all been linked to a higher AVR [3] [4] [5]

etc. A low AVR is caused by abnormal widening of the veins which results in

chronic high blood sugar levels. Timely detection of these vascular changes may

allow preventive treatments to reduce the risk of vision loss. These data can be

used in telemedicine and remote diagnostic areas. Manually classifying arteries

and veins requires expertise in retinal image interpretation and is a very labour-

intensive process (An expert ophthalmologist needs 10 minutes to compute the

AVR of a fundus image ).

Various diseases impact the flow of blood in the vessels, which causes either a

thickening or a narrowing of arteries and veins [6], [7]. Specifically, the arteriolar-
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Introduction

venular ratio (AVR) [8], which measures asymmetric changes in retinal arteriolar

and venular diameter, has been linked to several disorders, including atheroscle-

rosis [9], coronary heart disease, and stroke. Furthermore, a high AVR has been

associated with increased levels of cholesterol levels [9] and inflammatory indi-

cators, such as high-sensitivity C-reactive protein, among other factors. Other

conditions that can cause an abnormal AVR include high blood pressure and

diseases of the pancreas [10]. Moreover, a low AVR is a clear indicator of dia-

betic retinopathy (DR), which stands as the primary reason for vision impairment

among working-age individuals in developed nations [10]. When the veins widen,

it results in low AVR and it happens because of retinal hypoxia, which arises sec-

ondary to microvascular injury in the setting of chronic high blood sugar levels. If

these vascular changes are identified early on, preventive treatment can be done,

lowering the chance of any vision loss.

Different imaging techniques like fundus photography, fluorescein angiography,

and optical coherence tomography are used to capture the vascular changes in the

retina. Among these, fundus photography is less expensive than the others, as a

result in the field of telemedicine this is mostly used. However, it is highly chal-

lenging to compute the AVR or any other measure of interest given a fundus image

of a patient’s arteries and veins, even after accurately segmenting the vasculature

from the image. It takes a great deal of labor to manually classify arteries and

veins. In a high-resolution image, we may frequently identify over a hundred ves-

sels or vessel segments, many of which are ambiguous and need close examination

to be identified. Due to this reason, traditional AVR measurement considers only

top-six wide arteries and top-six wide veins close to the optic disc [2]. However,

as smaller arteries are more susceptible to variations in blood pressure, computing

a global AVR using the widths of smaller vessels may produce an even earlier

biomarker of an underlying disease. However, because there are so many ves-

sels that must be measured, manually calculating this global AVR is impractical.

Hence, there is a requirement for automated or semi-automated approaches to ad-

dress the time limitations associated with manual classification. Historically, the

predominant focus of computer-aided vessel analysis has been on segmenting ves-

sels within the image [11], [12], [13], [14], [15], [16], [17]. The Artery-Vein (AV)

classification takes an additional step by aiming to categorize segmented vessels

2



1.1 Deep learning for diagnosis of hypertensive retinopathy

as either arteries or veins. But even with a perfect segmentation, automatically

classifying arteries and veins is a very challenging computational operation due to

the previously described ambiguity of small and midsized vessels.

The majority of heart attacks occur without apparent signs of previously de-

tected high blood pressure. Hypertensive retinopathy (HR) serves as an indicator

of high blood pressure, characterized by narrowed retinal arteries, retinal bleed-

ing, and cotton wool spots. Thus, it’s crucial to recognize early HR symptoms

for effective prevention and treatment. Diagnosis typically involves fundus im-

age analysis conducted by an ophthalmologist to identify stages of HR disease

symptoms accurately.

1.1 Deep learning for diagnosis of hypertensive

retinopathy

An essential requirement is the implementation of a computerized system to en-

hance the precision of retinal disease detection, diagnosis, and treatment for oph-

thalmologists. Deep learning has become a formidable tool in the analysis of

medical images, particularly in the emerging method of computer-aided diagnosis

from fundus images for detecting retinal diseases. Despite the rapid development

of ophthalmic imaging in recent years, the application of deep learning algorithms

to comprehend eye images has only recently gained traction.

The automated categorization of eye diseases is one of the numerous classifi-

cation tasks for which machine learning has been used for many years. However,

a significant portion of the efforts has been directed towards feature engineer-

ing, which entails the computation of explicit features as designated by experts

[18], [19]. A class of machine learning approaches known as ”deep learning” is

characterized by the use of several computing layers, enabling an algorithm to

acquire predictive features through examples, eliminating the need for manually

engineered features. Lately, deep convolutional neural networks, a specialized form

of deep learning tailored for images, have been utilized to create very accurate al-

gorithms for diagnosing diseases like melanoma and diabetic retinopathy, as well

3
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as hypertensive retinopathy [20], [21], based on medical images. These algorithms

demonstrate accuracy levels comparable to those of human experts.

A deep neural network model is constructed through a sequence of mathemat-

ical operations executed on the input data, such as the pixel values found in an

image. This mathematical function may have millions of parameters, also known

as weights. [22]. Deep learning involves the use of multiple training cycles in

an iterative manner to determine the right parameter values so that a function

can carry out a certain task. For example, the model can generate a meaning-

ful prediction by analyzing the values of the pixels within a fundus image. The

training and tuning datasets make up the development dataset. The term tuning

dataset is often used interchangeably with the validation dataset, although we

aim to prevent confusion with a clinical validation dataset, representing data not

utilized during the model’s training. In the training phase, the neural network’s

parameters start with some random values. Subsequently, for every image, the

model’s prediction is evaluated against the known label in the training dataset.

The model’s parameters are then adjusted slightly to reduce the error for that

particular image. The model undergoes this iterative process for each image in

the training dataset until the model learns how to correctly determine the label

based on the pixel intensities of all images in the training set. Through fine-tuning

with ample data, the outcome is a model that possesses broad applicability, ca-

pable of predicting labels, such as cardiovascular risk factors, for novel images.

Many studies utilize basic convolutional neural networks (CNNs) for examining

color fundus imaging (CFI). They serve a diverse range of purposes, including the

segmenting anatomical structures, the diagnosis of eye disorders, the segmenta-

tion and detection of retinal defects, and the evaluation of image quality, among

others.

1.1.1 Detection

In any anatomical object segmentation task including organs or landmarks, local-

ization of the same as the preprocessing step is very crucial. The predominant and

widely adopted approach for identifying organs, regions, and landmarks appears

to be localization using Convolutional Neural Networks (CNNs) in the context of

4



1.1 Deep learning for diagnosis of hypertensive retinopathy

2D image classification, giving satisfying results. Identifying objects of interest

or abnormalities in images is a crucial aspect of diagnosis and represents one of

the most labor-intensive tasks for clinicians. Typically, the tasks consist of the

localization and identification of small lesions in the full image space. There exists

a longstanding research tradition in the development of computer-aided detection

systems aimed at automatically identifying lesions, intending to enhance detec-

tion accuracy or reduce the time required for human experts to interpret medical

images. The majority of deep learning object detection systems currently rely

on Convolutional Neural Networks (CNNs) for pixel classification. followed by

the post-processing step that is typically employed to acquire potential object

candidates.

1.1.2 Segmentation

Segmenting organs and other substructures in medical images enables quantitative

analysis of clinical parameters associated with volume and shape. Segmentation is

commonly described as the process of identifying the group of pixels that consti-

tute either the contour or the interior of the object(s) of interest. This technique is

commonly used in medical imaging analysis to identify and isolate specific struc-

tures, organs, or abnormalities within the images. In medical image processing,

U-net [23] is the most widely recognized novel CNN architecture. RNNs have re-

cently become more popular for segmentation tasks. When applying deep learning

methods, the segmentation of lesions combines the difficulties of object recogni-

tion and organ and its substructure segmentation. Accurate segmentation often

requires both global and local contexts. This forces employing multistream net-

works that incorporate various scales or patches sampled non-uniformly.

1.1.3 Classification

The technique of classifying and labeling groups of pixels or vectors within an

image according to predetermined criteria is known as image classification. Clas-

sification in medical image analysis contributes to medical research by identifying

patterns and correlations that may not be immediately apparent to human ob-

servers. There are two primary approaches to classification: supervised and unsu-
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pervised methods. The unsupervised classification approach is entirely automated

and operates independently of training data. The supervised classification method

of image classification involves using labeled training data to teach a computer al-

gorithm to categorize pixels or regions within an image into predefined classes or

categories. This process typically requires human intervention to provide examples

of each class, allowing the algorithm to learn patterns and characteristics associ-

ated with each category. Once trained, the algorithm can then classify unseen

or new images based on the patterns it has learned from the training data. The

key area of medical image analysis where deep neural networks are mostly used is

image classification. Classification models can be utilized to track the progression

of diseases over time. By analyzing sequential medical images, these models can

identify changes in the size, shape, or characteristics of abnormalities, providing

valuable information for treatment adjustments and prognosis. Classification al-

gorithms help automate the interpretation of images, reducing the workload on

healthcare professionals and speeding up the diagnostic process. In summary,

classification in medical image analysis is instrumental in enhancing diagnostic

accuracy, treatment planning, and overall patient care. It brings automation,

efficiency, and objectivity to the interpretation of medical images, contributing

significantly to advancements in healthcare.

1.2 Eye Anatomy

The structure of the eye’s anatomy is shown in Figure 1.1. Since human eyes are

similar to camera lenses in that they concentrate light onto film, they function

similarly to cameras. The way our eyes work is analogous to camera functionality

where the retina of the eye is similar to the film, while the cornea and lens are

comparable to the lens of a camera. The main parts of the human eye are the

cornea, iris, pupil, aqueous fluid, lens, vitreous humor, retina, and optic nerve.

The functionality of different components are as follows:

Cornea: It is the transparent outer layer situated in front of the eye. Light

is refracted by the cornea, which produces around two-thirds of the optical power

in the eye. The majority of light that enters the eye is focused by the cornea. It

is devoid of blood arteries, in contrast to the majority of human tissues.
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Aqueous Humor: The clear fluid in the front segment of the eye is called

aqueous humour. Its role involves nourishing the eye, maintaining intraocular

pressure and keeping it inflated. This also helps to improve defence against vari-

ous infections, wind, dust, and pollen grains.

Vitreous Humor: It is also known as a vitreous fluid which is a gel-like,

colorless, and transparent substance that occupies the space between the lens and

the retina in the eye. It mainly contains water along with small proporticollagen,

glycosaminoglycans (sugars), electrolytes (salts), and proteins.

Iris and Pupil: The pupil, an aperture in the cornea, allows light to enter

the aqueous humor and its size controls the amount of light entering the eye. The

iris, a contractile ring connected to eye color, determines the size of the pupil.

Lens: The primary function of the lens is to concentrate light onto the retina

through transmission. About 80% of total refraction is contributed by the cornea,

while the lens fine-tunes light focus onto the retina.

Retina and the Optic Nerve: The retina is the layer that covers the inner

back part of the eye. Rods and cones are the two cell types in the retina that

become active when light enters the area. Light is transformed by rods and cones

into an electric signal that travels from the optic nerve to the brain. To create an

image, the brain translates nerve impulses. Through comparison of the variations

in the images created by each eye, three-dimensional information can be obtained.

1.3 Diagnosis of Hypertensive retinopathy

Hypertensive retinopathy is a disease that is generally asymptomatic in nature

that damages the retina of the eye and results in loss of vision and is closely as-

sociated with high blood pressure. Severe hypertensive retinopathy cases result

in systemic illnesses that have the potential to cause mortality, heart and kidney
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Figure 1.1: Eye Anatomy. (original image is taken from -
https://www.thoughtco.com/how-the-human-eye-works-4155646)

failure, vision loss, and cardiovascular diseases. As a result, early diagnosis of the

disease and therapy are essential. Only qualified professionals like ophthalmolo-

gists can provide a proper diagnosis of the disease.

Imaging techniques such as fundus photography may be used to capture de-

tailed images of the retina and its blood vessels. Physicians can examine blood

vessels non-invasively solely through the retina [24]. The blood vessels have his-

torically been investigated due to their importance in clinical evaluation, as vessel

diameter has been one of the most important elements in the diagnosis of hyper-

tension. As a result, the arteriolar-venular ratio (AVR) gives a very important

indication to medical experts for the possible presence of high blood pressure as

arteries show a decrease in width for hypertensive patients.

1.4 Literature review

Our work has been divided into two parts. The first part concentrates on accurate

and fast optic disc detection and segmentation methods using an attention-based
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fully convolutional network. Accurate segmentation of the Optic disc (OD) is

very important for computer-aided diagnosis of several ocular diseases such as

glaucoma, diabetic retinopathy, and hypertensive retinopathy. The subsequent

section discusses an automated approach for assessing the Arteriolar-Venular Ratio

(AVR) in retinal color images. This method involves identifying the optic disc’s

location, defining a suitable region of interest (ROI), categorizing vessels into

arteries or veins, gauging vessel diameters, and ultimately computing the AVR.

1.4.1 Review on Optic Disc localization and segmentation

Several works have been reported on the automatic localization of the OD in

the retinal fundus image based on the shape and texture feature of the retina.

However, these methods fail in case of the presence of exudates due to similarity

in appearance. Barrett et al. [25], Blanco et al. [26] localized OD assuming that

would be of circular shape. The assumption is good in most of the cases but it fails

if the object is of some other shape or if some other objects are of circular shape.

Hoover et al. [27] address this issue by considering the anatomical feature that

retinal vessels originate from OD. In the same concept, Mendonca et al. [28] used

entropy of vascular directions as the anatomical feature. Soares et al. [29] combines

the local appearance before determining the location. The disadvantage of using

the local feature is that some pathologies may impact the feature. To overcome

this, Foracchia et al. [30] used a model of the geometrical directional pattern of the

retinal vascular system. This method works well for images having pathologies but

can fail in irregular or incomplete vessel network scenarios. Niemeijer et al. [31]

used a mixed approach of considering both local and global features and designed

a point distribution model. Xiangqian et al. [32] localize the OD by integrating

the information of both OD appearance and vessel networks. So it is seen that all

these local and global features are sometimes impacted by pathologies and other

abnormal factors.

Optic disc (OD) identification and segmentation are done using a variety of

techniques. Lowell et al. [33] applied a direction sensitive gradient-based tech-

nique to remove the vessel obstructions and deformable ACM for finding the OD

boundary in low resolution images. Welfer et al. [34] used morphological proce-
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dures and the watershed transformation technique to determine the OD boundary.

Aquino et al. [35] utilized morphological operations, an edge detection method,

and a circular Hough transformation technique to segment the OD. Inpainting was

used as a preprocessing technique by Morales et al. [36] to eliminate blood vessels

and employed stochastic watershed transformation to delineate the boundary of

the optic disc (OD). Xu et al. [37] applied the active contour model (ACM) and

proved better segmentation. by addressing the fluctuations within the OD region,

Joshi et al. [38] enhanced the robustness of ACM proposed by Chan and Vese [39].

Principal component analysis was used by Morales et al. [36] to determine the

optic disc’s boundaries.

1.4.2 Review on Artery-vein classification

Most of the automatic classical A/V classification methods [40] [41] [8] [42] [43]

follow few common steps. It starts with preprocessing of the image and then as-

signs artery-vein probability for each pixel, next from topological structure of the

vessel determines the label of the artery-vein. In the prepossessing step, issues

like uneven illumination and background in-homogeneity are corrected using tech-

niques like luminosity normalization and histogram equalization. A vessel binary

map is generated once the retinal vessels have been segmented. Next, to assign

the pixel-wise A/V probability, at first, all vessel centre-line pixels are analyzed

to extract intensity-based features using which a probability is assigned to each

centre-line pixel. Pixel-wise classification can be further improved by creating a

topological structure of the vascular network. This structure basically establishes

how each individual segment is connected. At last, using local and contextual

information every section of the vessel is categorized as either an artery or a vein

and eventually the entire vessel tree is labelled. Fan Huang et al. [44] proposed

the categorization of arteries and veins based on features like colours, topologi-

cal, geometrical and morphological properties of the vascular structure. Memari

et al. [45] presented an artery-vein segmentation method by enhancing fuzzy c-

means clustering and level sets. More the accuracy is achieved in segmentation,

the more precise will be the A/V classification. Jebaseeli et al. [46] enhanced

the Pulse Coupled Neural Network model using some parameter optimization to
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segment the vessel structure. Chen et al. [47] described topological connectivity

for classifying the artery and vein, based on which a topology discriminator they

proposed to enhance the accuracy of the classification.

For the classification task, of late many deep learning-based methods are being

employed. Welikala et al. [48] proposed an artery-vein classification convolution

neural network (CNN) model from retinal fundus images. The network presented

by them is able to learn the existing complex features automatically instead of

using handcrafted features made up of three convolution layers with three fully

connected layers. Before classifying, the vessel must be segmented and the centre

line extracted using the prescribed method. Lepetit-Aimon et al. [49] employed

fully convolutional network a large receptive field for segmentation of the blood

vessels for high-resolution images with minimum computation cost and compara-

tively low memory. The method’s inability to accurately categorize blood vessels

can be attributed to its ignorance of the vessels’ true topological structure. Hemel-

ings et al. [50] introduced a segmentation and classification approach based on the

classical U-Net model. Girard et al. [51] employed deep learning techniques along

with graph propagation for vessel segmentation and classification of arteries and

veins. However for small diameter vessels and arteriovenous intersections, classifi-

cation results were not up to the mark. For similar work, Ma et al. [52] has shown

94.5% pixel-wise accuracy using a multi-task neural network on the AV-Drive

dataset. Wang et al. [53] presented a multi-task siamese network, that simul-

taneously performs segmentation and classification tasks to provide more robust

deep features from the fundus images. Using the attention mechanism Chowd-

hury et al. [54] developed a multiscale encoder-decoder based attention network

that can both segment and classify arteries and veins. IK Gupta et al. [55] ap-

plies the U-Net framework for segmentation and employs the mayfly optimization

kernel extreme learning [56] method for classification. Sathananthavathi et al.[57]

suggested a deep semantic segmentation architecture for AV classification. Hu

et al.[58] tested a model for AV classification on DRIVE and HRF dataset that

employs an encoder–decoder segmentation network along with a point set classi-

fication maps of the AV skeleton. Toptas et al. [59] created artery vein patches

separately after preprocessing the fundus image and fed them as input to their
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proposed deep learning network architecture to finally classify them whether the

patches are of arteries or veins.

1.4.3 Review on Computation of Arteriolar-to-venular (AVR)

width ratio

Several approaches to automatically calculate AVR have been previously intro-

duced [40] [60] [61]. The main difference in those studies is in the area of artery-

vein classification. In 2003, the automatic classification of AV was first published

in a work by Grisan et al. [62]. Ruggeri et al. [60] presented a method where they

first located the OD, identified RoI around the OD and finally classified the vessel

pixels as an artery or vein inside the RoI. An extended version of this work has been

presented by Tramontan et al. [61] where they changed both vessel tracking and

the features for discriminating between structural arteries and veins. Niemeijer et

al. [40] used a linear classifier for vessel classification and calculated AVR using

Knudtson’s revised formula [2]. Khanal et al. [63] in their recently devised a fully

automated method to calculate AVR in fundus image after classifying artery-vein

on a complete vascular network.

1.4.4 Overall Review

Diabetic retinopathy, hypertensive retinopathy, and glaucoma are common causes

of visual impairment and blindness [64]. Early diagnosis and appropriate referral

for treatment of these diseases can prevent visual loss. Research is going on in the

development of a computer-aided diagnosis system for the accurate identification

of different parts and pathologies in retinal fundus images to assist ophthalmolo-

gists. The optic disc is the entry point of the major blood vessels in the retina [33]

and considered as landmark in retinal fundus image. Disc size and cup area are

used for diagnosis of glaucoma [38], [65]. The centre of the optic disc is an impor-

tant reference for detecting the macula and grading macular pathologies, such as

diabetic maculopathy, macular edema, and macular ischemia [66]. Disc size is also

an important parameter for the determination of the region of interest, where the
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width of the artery and vein needs to be computed for diagnosis of hypertensive

retinopathy [67]. Along with the position of the optic disc, the vessel origin is

another important feature for vasculature analysis [35]. Automated detection and

segmentation of the optic disc is a challenging problem due to the variation in size,

shape, color, and the variation introduced by the field of view, inhomogeneous il-

lumination, and pathological abnormalities. Shape and brightness [25], [68], [26]

convergence of blood vessels [27], [30] and orientation of blood vessels [30], [69]

have been investigated for detection of optic disc. The assumption of the circu-

lar shape of the optic disc does not hold good, where the Optic Disc is partly

present in the retinal image. Hoover et al. resolved this issue of poor contrast of

the optic disc by considering the convergence of blood vessels in the optic disc.

Orientation of blood vessels has been used by Foracchia et al. [30] and Youssif et

al. [69] to improve the result of Optic Disc localization. Vessel templates were also

investigated by Osareh et al. [70] and Lowell et al. [33]. The active shape model

is used to extract the main blood vessels for localization of OD [71]. Brightness

characteristics of OD and vessel density in the OD region are utilized by Giachetti

et al. [72]. Soares et al. [29] focused on the local appearance of the OD region and

orientation of main blood vessels to determine the centre of OD. Vessel directional

and distribution of blood vessels is used by Zhang et al. [73] to improve the accu-

racy of OD localization. Roychowdhury et al. [74] used region-based features to

classify the bright areas as OD and non-OD regions. The region with maximum

vessel density and solidity is considered as the OD candidate.

The reported works on optic disc segmentation can be classified based on three

categories - morphology, active contour model and active shape model. The OD

boundary was segmented by Aquino et al. [35] by morphological operations, edge

detection method and circular Hough transformation technique. Walter et al. [75],

Reza et al. [76], and Welfer et al. [34] determined the OD boundary using mor-

phological operations and watershed transformation technique. Morales et al. [36]

applied inpainting as preprocessing for removing blood vessels and stochastic wa-

tershed transformation for determining the OD boundary. Caselles et al. [77] and

Xu et al. [37] proved that segmentation can be performed better using active con-

tour model (ACM). Snake-based ACM was used by Osareh et al. [70] to extract the

OD boundary. In order to improve the accuracy of segmentation for low-resolution
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images, Lowell et al. [33] applied a direction sensitive gradient-based technique to

remove the vessel obstructions and deformable ACM for finding the OD boundary.

Chrastek et al. [78] applied a distance map algorithm to remove the blood vessels

and then segmented the OD by using a sequence of methods like morphological

operation, Hough transformation, and ACM. The method presented by Joshi et

al. [38] improved the robustness of ACM proposed by Chan and Vese [39] by taking

care of the variations in the OD region. Li and Chutatape [71] presented an active

shape model-based technique for OD segmentation. Hybrid level set algorithm [79]

was implemented by combining the local and regional gradient information of the

fundus images. Morales et al. [36] detected the boundary of the optic disc by the

principal component analysis. Random forest [80], [81] and boosting [82], [83]

have been used to predict the class probabilities of the pixels. These methods

are prone to significant errors when certain geometric assumptions do not hold if

precise identification fails.

Recently the ratio of people suffering from various kinds of eye diseases to

that of available ophthalmologists, particularly in developing countries is increas-

ing at an alarming rate. An automated computer based system for analysis of

fundus images would reduce the burden on the health care system of these kinds

of countries. The advancement of deep learning-based algorithms is playing an

important role in designing such software systems. The success of convolutional

neural network in object segmentation [84], [85], [86], [87] has motivated us to

investigate the performance of fully convolutional network for optic disc detection

and segmentation.

1.5 Objective

Cardiovascular diseases are very common in India, presenting a significant chal-

lenge to the healthcare sector in terms of early diagnosis and risk assessment. The

current screening techniques for cardiovascular disease are extremely intricate and

depend on a wide range of factors obtained from blood samples and the patient’s

medical history. The absence of certain parameters during a specific time period

can result in inaccurate predictions regarding the risk of cardiovascular diseases.

The nature of retinal vessels is crucial for the early detection of various systemic
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diseases like diabetes, hypertension, and cardiovascular disorders. Any change in

the retinal vasculature can be observed through fundus photography, the pre-

ferred imaging method for telemedicine and remote diagnostics due to its cost-

effectiveness and user-friendly nature.

Currently, there is a need to develop an indigenous imaging imaging system

suitable for deployment not just in major hospitals but also at grassroots-level pri-

mary healthcare units. It will enable extensive screening of the general population,

particularly those unaware of the impact of cardiovascular diseases. Using this sys-

tem eye specialists may distinguish between ”normal” and ”high-risk” patients,

advising quick treatment for the latter. This initiative can fulfill the requirement

of designing a rapid, accurate, dependable and cost-effective cardiovascular risk as-

sessment tool based on the deep-learning-based analysis of retinal fundus images.

So in summary, our aim of the whole work is :

• Development of a robust classification technique for segregation of

arteries from veins

• Investigation of diagnostically relevant properties of arteries and

veins to compute AVR

• Improvement of algorithm for handling noisy images

1.6 Outline of the Thesis

In this thesis, novel methods are developed for the detection and segmentation of

Optic disc in the images affected by hypertensive retinopathy using robust and

effective attention-based fully convolutional network and then vessel segmentation,

Artery/Vein classification, vessel caliber measurement, and arteriovenous ratio

calculation. The overview of the thesis is provided below:

1.6.1 Chapter 1: Introduction

Deep learning is an active research area in the fields of computer vision and pat-

tern recognition. In the field of medical image analysis, deep learning techniques
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achieved better performance in object detection, segmentation, and classification.

This chapter provides a comprehensive review of how deep learning is applied in

fundus image analysis for the treatment of Hypertensive retinopathy.

1.6.2 Chapter 2: Localization of optic disc

For the computer-aided diagnosis of several eye diseases e.g. hypertensive retinopa-

thy, diabetic retinopathy, and glaucoma, accurate optic disc localization and sub-

sequently segmentation is a very crucial step. The optic disc serves as the point

of entry for the major blood vessels into the retina and is considered a significant

landmark in retinal fundus images.

1.6.3 Chapter 3: Segmentation of optic disc

Accurate segmentation of the optic disc is very important for computer-aided

diagnosis of several ocular diseases such as glaucoma, diabetic retinopathy, and

hypertensive retinopathy. Chapter 3, comprises the methodology of an accurate

and fast optic disc detection and segmentation method using an attention-based

fully convolutional network. The network is trained from scratch using the fundus

images of the extended MESSIDOR database and the trained model is used for

the segmentation of the optic disc. The false positives are removed based on mor-

phological operation and shape features. The attention-based fully convolutional

network is robust and effective for the detection and segmentation of optic disc in

the images affected by diabetic retinopathy.

1.6.4 Chapter 4: Classification of vessels into artery and

vein

The significance of classifying arteries and veins lies in its pivotal role in the diag-

nosis and understanding of numerous cardiovascular disorders. This classification

is essential for accurate medical assessments and effective treatment strategies.

In this Chapter, we have focused on identifying the region of interest, extracting

vessel central lines within that region, and classifying arteries and veins using an
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attention-based deep neural network.

1.6.5 Chapter 5: Computation of AVR

In this Chapter, AVR measurement challenges and techniques have been discussed.

The accurate estimation of AVR is challenging and requires optic disc detection,

vessel segmentation, accurate vessel width measurement, vessel network analysis,

and artery vein classification. Optic disc detection is necessary to determine the

location of the region of interest (ROI) where the measurements are obtained.

Vessel segmentation must be used to find the vessels themselves and the width

of the vessels. Any AVR measurement system must identify which vessels are

arteries and which are veins with high accuracy since small classification errors

can have a large influence on the final AVR.

1.6.6 Chapter 6: Conclusion

Automatic Computation of Arteriolar-Venular Ratio in Retinal Fundus Images is a

very critical area in clinical use. Automated detection of anatomical parts such as

the optic disc, retinal vasculature, and macula is crucial for developing a screening

tool. We have used the Faster R-CNN method for the optic disc detection work.

In the next step, we used an attention-based fully convolutional network for the

segmentation of the optic disc. Finally, we have presented an attention-based AV

net to classify arteries and veins in the region around the optic disc known as RoI

using which the Arterilar-venular ratio has been calculated. We intend to expand

on this research by looking at unsupervised attention learning and classification.
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Optic Disc localization in fundus

image using Faster R-CNN
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Now a days lot of people are suffering from Diabetic Retinopathy throughout

the world. This is one kind of eye disease which affects people who have diabetes

for a long time. If this is undiagnosed and not treated for a long time, it can lead to

blindness. Several studies have shown that early detection and timely treatment

are the only way to reduce the suffering from diabetic retinopathy. The develop-

ment of an automated screening system is the right approach for screening diabetic

retinopathy. Automated detection of several anatomical regions such as the optic

disc, retinal vasculature and macula is important to design a tool for the screen-

ing purpose. In our work, we have presented a novel and fast optic disc detection

method using Faster R-CNN. The proposed method is validated on 1200 fundus

images from the MESSIDOR database [88] which is a widely accepted publicly

available dataset for research purposes. We propose a supervised detection tech-

nique that uses a deep learning network trained on 6, 992 retinal fundus images

augmented using geometrical transformations from the MESSIDOR-II database.

The proposed method shows satisfactory robustness on both normal and images

affected by diabetic retinopathy. It outperforms many previous methods in terms

of speed with satisfactory accuracy of optic disc localization.

2.1 Introduction

It has been observed that one of the main threats all over the world to public

health is Diabetes mellitus which leads to Diabetic Retinopathy (DR) in the long

term [89]. DR is a diabetic complication that causes changes in the retina. In

the early stages DR shows no symptoms. The disease starts showing symptoms

that become symptomatic only when it reaches the advanced stages, which is

dangerous. The resulting blindness is a truly preventable complication via early

detection of DR and timely treatment. The number of ophthalmologists is very

low in India as compared to the number of patients suffering from various kinds of

eye diseases. So it is important to develop a screening tool that can be the right

option to detect diabetic retinopathy, its severity, and to decide which patients

require referral for further investigation and possible treatment. An automated

system for this kind of screening tool can be developed whose main purpose will

be to filter out the retinal fundus images having the symptoms of DR. This can

also be designed in such a manner that it can determine the stage of the DR which

will be very helpful input to any ophthalmologist to start the right medication.

There are a lot of advantages of these kinds of tools e.g. reduction in screening
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time which will help to cater to more patients in less time, lesser cost of treatment

due to early detection of the disease etc.

Generally the first pathological sign that appears in fundus image is microa-

neurysms when someone is attacked by DR. The other pathological signs that

appear gradually are hemorrhages, exudates, macular edema etc. So the vari-

ous information like size, and location regarding these pathological patterns help

to distinguish DR infected images from normal fundus images [90]. Optic disc

(OD) detection is very important for the early detection of Glaucoma, detection

of the junction point of the blood vessel and tracking of the blood vessel, anal-

ysis of retinopathy of prematurity and to determine the distribution of different

pathology present in retinal fundus image.

2.2 Reported Works on Optic Disc localization

in fundus image

The reported work based on the shape and texture features of the retina has been

discussed in Chapter 1. Automatic localization of OD based on these features faces

challenges when exudates are present, as their similarity in appearance can lead

to inaccuracies. To overcome this issue, some researchers [25], [26] have relied

on the assumption that the OD is circular, This process fails in a few scenarios

where other objects exhibit circular shapes. This problem has been addressed in

the literature [27], [28] by using the anatomical feature of retinal vessels, and

in [29] by combining the local appearance. All these methods perform well in

images with pathologies but may falter in scenarios with irregular or incomplete

vessel networks. A mixed approach, considering both local and global features,

integrating information from both OD appearance and vessel networks have been

presented in [31], [32]. Despite these efforts, it is evident that both local and

global features can be influenced by pathologies and other abnormal factors in

certain cases.

We have proposed Deep neural Networks using Faster-RCNN to overcome all

these problems as it allows the network to learn features dynamically during the

training process. Features of varying complexity will be extracted at the net-

work’s convolutional and pooling layers, and those will be used during testing.

Our approach demonstrates robustness through training and testing on diverse

datasets.
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2.3 Methodology

2.3.1 Using Convolution neural networks for object local-

ization

Convolutional Neural Networks (ConvNets) are a specific type of neural network

that has shown excellent performance in many computer vision and machine learn-

ing problems. Nowadays there are various areas where ConvNets are used. Some

well-known areas are self-driving cars, automatic face recognition, identification

of objects, number plates of cars, giving vision to robots etc. The success of

two new methods known as Region proposal and Region-based convolution neural

networks (R-CNN) has dramatically helped the object detection task to be very

successful in various types of images. R-CNN [91] was developed in 2013, then

Fast R-CNN [92] came in 2015, in the same year Faster R-CNN [93] was developed

to overcome the shortcomings of Fast R-CNN [92].

R-CNN technique [91] is Region proposals + CNN. Here Selective Search is

used for localization which generates 2000 different regions where the probability

of object existence is highest. These set of region proposals are then fed into

a trained deep-learning CNN which then works on each region and extracts a

feature vector. In the next step the vector is fed into a set of linear SVMs for the

classification task. All these SVMs are already trained to classify each class. Also

there is a bounding box regressor where this vector is given as input to get the

most accurate coordinate.

Some notable drawbacks were observed in R-CNN, mainly in three areas -

Multiple stages were required for the training like ConvNets to SVMs to bounding

box regressor, it was extremely slow (on an average 53 seconds were taken by

the RCNN to process one image) because computationally it was expensive. To

improve the speed Fast R-CNN [92] incorporated two things - first shared compu-

tation of the conv layers between different proposals, secondly swapped the order

of region proposal generation and running of the CNN. In this model, two inputs

are given to the fully convolutional network - entire input image and multiple RoI

(region of interest). After this each region of interest is pooled into a fixed size

feature map. The fixed length feature vector that are extracted from the feature

map are then fed into a series of fully connected (FC) layers. These FC layers

finally give two outputs for each RoI - softmax probability and bounding box for

each of the object classes.

The latest technique Faster R-CNN [93] has been developed which consists
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of two modules. The function of the first module which is a deep convolutional

network is there to propose regions. The second module is Fast R-CNN detector

described above that uses those proposed regions. When these two modules are

combined it works as an object detection model. With respect to the earlier

models, the main change is the designers inserted a region proposal network (RPN)

after the last convolution network before the Fast R-CNN. This new layer informs

the Fast R-CNN module where to look into the image. The major breakthrough in

the object detection model has been achieved through this design because before

this it was only possible to determine the existence of any specific object in an

image but this model helps to determine the exact location of the object.

Refer to the CIFAR-10 Network architecture Fig. 2.1 used in our proposed

work, in the next section it has been discussed in detail. The layer details of the

network are given in Table 2.1.

Max Pooling
Convolution and 

ReLU

Input

Image

This set of Convolution and Pooling 

layer is repeated three times
Fully Connected layer

OD

Non OD

Softmax 

Classification

layer

...

Figure 2.1: CIFAR-10 Network Architecture

2.3.2 Proposed localization framework

At first the fundus images are resized and enhanced by gamma correction. The

resizing step is necessary because of the variety of sizes of the images in the MESSI-

DOR database [88]. All the images are resized to 224 X 224 pixels. This resizing

helps improve the computation time without affecting the performance. Then

1000 nos. of positive and 1000 nos. of negative samples are created by randomly

cropping images from MESSIDOR-II dataset. After this end-to-end training of

CIFAR-10 network is being done with those positive and negative samples. This

trained network is then fine-tuned with the help of images from MESSIDOR-II

dataset. To introduce the robustness of this process, geometry-based augmenta-
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Optic Disc localization in fundus image using Faster R-CNN

tion is performed on MESSIDOR-II dataset and then fed those images into the

network. We created a total of 6, 992 training images by augmentation. We have

trained our network using the images from MESSIDOR-II dataset and then tested

on MESSIDOR dataset [88]. Faster R-CNN [93] method has been used to fine-

tune this pretrained CIFAR-10 NET using 6, 992 images using different epoch

values. The optic disc was localized using the bounding box by the regression

head of Faster R-CNN. Each bounding box on an input image indicates the prob-

able location of OD. The actual OD location is indicated by a bounding box with

the highest probability values. The centre of that bounding box is considered the

centre of the optic disc.

2.4 Results and Discussion

The proposed optic disc localization framework is evaluated on 1200 images from

Messidor database [88]. These images are publicly available for researchers in the

area of retinal image processing, diabetic retinopathy etc. and these are main-

tained by French Techno-vision program. Out of 1200 eye fundus color numerical

images of the posterior pole for the Messidor database [88], 800 images were ac-

quired with pupil dilation and 400 without dilation. Qualitative results of optic

disc localization are shown in Fig. 2.2. The method works fine for low-contrast

as well as high-contrast images. The method achieves 98.75% accuracy of optic

disc localization on Messidor database [88] as shown in Table 2.2. Our proposed

method has achieved an average 0.15 milliseconds OD segmentation time per im-

age which is far better than the reported performance on the MESSIDOR dataset

[88]. The comparison of results has been given in Table 2.3.

A failure case is also given in Fig. 2.2(d), which is due to poor contrast between

OD and background.

Euclidean distance is computed between the centre of the bounding box and

the centre marked by experienced ophthalmologists to measure the perfectness of

localization of the optic disc. Euclidean distance between two point is defined as

A (a1, a2) and B (b1, b2)

Euclidean distance =

√√√√ n∑
i=1

(ai − bi)
2, (2.1)

The lower value of Euclidean distance is an indication of the perfectness of
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Table 2.1: Description of the proposed network

Layer # Layer Type Description
Layer 1 Input Image Input Image

Layer 2 Convolution
Filter Size=5x5 No. of Channels=3

No. of Filters=32 Stride=1, Padding=2
Layer 3,6,9,12 ReLU Introduces non-linearity
Layer 4,7,10 Max pooling Pool Size=3x3

Layer 5 Convolution
Filter Size=5x5 No. of Channels=32

No. of Filters=32 Stride=1, Padding=2

Layer 8 Convolution
Filter Size=5x5 No. of Channels=32

No. of Filters=64 Stride=1, Padding=2
Layer 11 Fully Connected 64 Nodes
Layer 13 Fully Connected 2 Nodes
Layer 14 Softmax 2 Classes
Layer 15 Classification Output Bounding box around the object

Table 2.2: Accuracy of Optic Disc Localization using CIFAR-10 Network Archi-
tecture over 1200 images of MESSIDOR

Epoch Value No. of Failed cases
Accuracy of OD
localization (%)

1 24 98.00
5 15 98.75
10 15 98.75
15 15 98.75
20 15 98.75
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(a) (b)

(c) (d)

Figure 2.2: Qualitative results of optic disc localization in retinal fundus images

Table 2.3: OD Localization method comparison on MESSIDOR Dataset

Time No. of Failed Cases Accuracy (%)
Yu [94] 4.7s 11 99.08
Lu [95] 5s 3 99.75
Aquino [96] 1.67s 14 98.83
Soares [29] 18.64s 9 99.25
Proposed 0.15ms 15 98.75

localization of the optic disc. The average Euclidean distance is 14 pixels for the

proposed method.

2.5 Conclusion

We have investigated the performance of Faster R-CNN in optic disc localiza-

tion. The proposed deep learning framework shows satisfactory robustness on

normal and diabetic retinopathy fundus images. It outperforms previous methods

in terms of speed. However, the accuracy of optic disc localization needs to be im-

proved by introducing robust preprocessing technique and suitable deep-learning

architecture.
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Optic disc segmentation in fundus

image Using Attention Based

Fully Convolutional Network
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Optic disc segmentation in fundus image Using Attention Based Fully
Convolutional Network

Accurate segmentation of the optic disc is very important for computer-aided

diagnosis of several ocular diseases such as glaucoma, diabetic retinopathy, and

hypertensive retinopathy. The paper presents an accurate and fast optic disc

detection and segmentation method using an attention based fully convolutional

network. The network is trained from scratch using the fundus images of the

extended MESSIDOR database and the trained model is used for the segmentation

of the optic disc. The false positives are removed based on morphological operation

and shape features. The result is evaluated using three-fold cross-validation on six

public fundus image databases such as DIARETDB0, DIARETDB1, DRIVE, AV-

INSPIRE, CHASE DB1 and MESSIDOR. The attention based fully convolutional

network is robust and effective for the detection and segmentation of optic disc in

the images affected by diabetic retinopathy and it outperforms existing techniques.

3.1 Introduction

Visual impairment and blindness are a major problem in developing countries [97].

Diabetic retinopathy, hypertensive retinopathy, glaucoma are common causes of

visual impairment and blindness [64]. Early diagnosis and appropriate referral for

treatment of these diseases can prevent visual loss. Research is going on in the

development of a computer-aided diagnosis system for accurate identification of

different parts and pathologies in retinal fundus images to assist ophthalmologists.

The Optic disc is the entry point of the major blood vessels in the retina [33]

and is considered a landmark in the retinal fundus image. Disc size and cup area

are used for diagnosis of glaucoma [38], [65]. The centre of the optic disc is an im-

portant reference for detecting the macula and grading macular pathologies, such

as diabetic maculopathy, macular edema, and macular ischemia [66]. Disc size

is also an important parameter for determination of the region of interest, where

the width of artery and vein needs to be computed for diagnosis of hypertensive

retinopathy [67]. Along with the position of the optic disc, the vessel origin is

another important feature for vasculature analysis [35]. Automated detection and

segmentation of the optic disc is a challenging problem due to the variation in size,

shape, colour, and the variation introduced by the field of view, inhomogeneous

illumination and pathological abnormalities. Shape and brightness [25], [68], [26],

convergence of blood vessels [27], [30] and orientation of blood vessels [30], [69]

have been investigated for detection of optic disc. The assumption of the circular

shape of the optic disc does not hold good, where the optic disc is partly present
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in the retinal image. Hoover et al. resolved this issue of poor contrast of the optic

disc by considering the convergence of blood vessels in the optic disc. Orientation

of blood vessels has been used by Foracchia et al. [30] and Youssif et al. [69] to im-

prove the result of optic disc localization. Vessel templates were also investigated

by Osareh et al. [70] and Lowell et al. [33]. The Active shape model is used to

extract the main blood vessels for localization of optic disc [71]. Brightness char-

acteristics of the optic disc and vessel density in the optic disc region are utilized

by Giachetti et al. [72]. Soares et al. [29] focused on the local appearance of the

optic disc region and the orientation of main blood vessels to determine the centre

of the optic disc. Vessel directional and distribution of blood vessels are used by

Zhang et al. [73] to improve the accuracy of optic disc localization. Roychowdhury

et al. [74] used region-based features to classify the bright areas as optic disc and

non-optic disc regions. The region with maximum vessel density and solidity is

considered as the optic disc candidate.

The success of convolutional neural network in object segmentation [84], [85],

[86], [87] has motivated us to investigate the performance of attention based fully

convolutional network for optic disc detection and segmentation. The attention

modules help to increase the performance of segmentation for natural images.

To suppress false-positive regions and to highlight informative regions, we have

developed attention based fully convolutional network. The spatial attention pro-

vides the location of the features, while the channel attention utilises the features

that can be found in the available channels. Attention module helps to focus

on relevant features to improve the segmentation results. Channel and spatial

attention combine both the spatial context as well as the semantic information

of the optic disc. The purpose of the proposed framework is the development of

attention based deep network for determining the informative region of the fundus

image similar to the optic disc and the selection of informative images for fast and

efficient transfer learning.

3.2 Methodology

3.2.1 Preprocessing

The images of different databases have different sizes. Therefore, the images are

resized to 512× 512 pixels for all databases. This process of resizing not only re-

duces the storage space of the database but also decreases the computational time
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without hampering the performance of the algorithm. The remaining operations

are carried out on these resized images. Red channel image is thresholded. Mor-

phological opening, closing and erosion operations with square structuring element

are used to create a mask of circular retinal fundus region-of-interest, which allows

focusing only on the foreground of retinal images. The fundus image is cropped

based on the bounding box of this mask. The segmentation algorithm is applied

to the cropped image to reduce the processing time.

3.2.2 Segmentation using fully convolutional network

In the case of convolution neural networks (CNN), a fully connected layer is added

at the end of the network, whereas an FCN uses a convolutional layer only without

adding the fully connected layers. In classification tasks, CNN works well because

the output required is a label to which the class belongs. In contrast to this,

semantic segmentation outputs an image where each pixel has been labeled. Thus

it is required that the convolutions are performed at pixel-level and also that both

spatial and semantic information is preserved. By removing the fully connected

layer and replacing it with convolutional layers an upsampling procedure can be

performed once the pixels in the image have been labeled.

Attention modules provide a way to improve features that are relevant for clas-

sification tasks. Different approaches have been explored in recent years. The at-

tention modules can either work in the direction of hard attention or soft attention.

Hard attention is non-differentiable and stochastic. Soft attention is probability-

based [98] and deterministic, which makes it easier to use during training. In

this work, soft attention is discussed as it is better suited for optimisation as it is

compatible with back-propagation [99]. Early works on attention modules, where

both local features and global features are extracted and the classification decision

is based on the weighted local features. By using the weighted local features the

network is guided towards learning only relevant features. Fan et al. [100] worked

on re-designing CNN architectures to improve semantic segmentation tasks. They

used channel attention and spatial attention modules [100].

The channels containing high-level features could be improved by channel at-

tention whereas the spatial attention could enhance the spatial connectivity of

features. The proposed fully convolutional neural network with an attention mod-

ule is shown in Fig. 3.1. The network consists of four blocks and three attention

blocks are added to refine the feature map of the last three blocks. In the convolu-
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Figure 3.1: Block diagram of Attention based fully convolutional neural network

tion block attention module (CBAM) [101], a channel attention module is applied

on a feature map. The result is further refined by a spatial attention module. The

architecture focuses on both channel and spatial attention to learn about what

and where about features. The features extracted from the last three blocks are

refined by CBAM and the final feature map is obtained by depthwise concatena-

tion of refined features.

A stochastic gradient-based optimization ADAM [102] is applied to minimize

the cross-entropy based cost function. ADAM utilizes the first and second mo-

ments of gradients for updating and correcting the moving average of the current

gradients. The learning rate for ADAM optimizer is set to 0.0001, weights of

background and foreground are initialized as 1:10, and training was performed up

to 30 epochs. Over-fitting is reduced by using dropout [103].

3.3 Results and Discussions

Training has been performed in a Linux environment using an 8 GB GPU on

a system with Core-i7 processor and 32 GB RAM. The network architecture is

implemented in Python using the PyTorch library. The segmentation results are

evaluated by considering 3-fold cross-validation.

The performance of optic disc detection is evaluated using Success Rate (SR)

and it represents the percentage of retinal images in a dataset where the centroid
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of the optic disc is successfully localized within the boundary of the ground truth

mask of the optic disc. The performance of optic disc segmentation is evaluated

in terms of a region-based metric Overlap Measure (OM) and a contour-based

metric Mean Absolute Distance (MAD) [74]. The OM represents the ratio of the

intersecting area between the actual optic disc and the segmented optic disc and

it is defined as

OM =
Ntp

Ntp +Nfp +Nfn

. (3.1)

where Ntp, Nfp and Nfn are the number of true positive, false positive and false

negative pixels, respectively. MAD represents the mean of the shortest distances

from the boundary of the actual optic disc to the boundary of the segmented

optic disc. Let Pi′ , where i′ = 1, . . ., mC and Qj′ where, j
′ = 1, . . .,nĈ are

the boundary points obtained on the segmented and actual optic disc boundaries

respectively. The shortest distance from each boundary point of the segmented

optic disc to the boundary points on the boundary points of ground truth mask of

the optic disc is calculated using Equation-3.2 and the shortest distance from each

boundary point of the ground truth mask optic disc to the boundary points on

the boundary points of the segmented optic disc is calculated using Equation-3.3.

The mean of the obtained shortest distances is calculated using Equation-3.4.

mC,Ĉ(i
′) = min

j′
||Pi′ −Qj′||2 (3.2)

mĈ,C(j
′) = min

i′
||Qj′ − Pi′||2 (3.3)

MAD =
1

2
{ 1

nC

mC∑
i′

mC,Ĉ(i) +
1

nĈ

nĈ∑
j′

mĈ,C(j)} (3.4)

The proposed framework consists of an off-line training step for learning global

features and a transfer learning step for learning database-specific features. The

network is trained from scratch using the fundus images of the extended MESSI-

DOR database and the trained model is fine-tuned by a few images of a partic-

ular database to learn database-specific features. Multi-scale features extracted

in off-line training are concatenated with database-specific features for improved

segmentation. The false positives are removed based on the geometrical features

of salient regions in initial segmentation. The result is evaluated on six public fun-

dus image databases such as DIARETDB0, DIARETDB1, DRIVE, AV-INSPIRE,
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CHASE DB1 and MESSIDOR. The comparison of the proposed and competing

techniques is provided in Table 3.1. The attention based fully convolutional net-

work is robust and effective for the detection and segmentation of optic disc in the

images affected by diabetic retinopathy and it outperforms existing techniques.

The method is successful in optic disc localization and segmentation when tested

on both dilated and non-dilated types of fundus images acquired from different

medical centres. The performance of this algorithm does not degrade while han-

dling images containing strong distractors like yellowish exudates which prove the

effectiveness and robustness of the proposed process.

Table 3.1: Comparative result of optic disc segmentation

Method Author OM MAD SR
DIARETDB1 Proposed 0.92 1.98 100

Roychowdhury et al. [74] 0.80 4.82 100
Morales et al. [36] 0.82 2.88 100
Salazar et al. [104] 0.76 6.38 96.7
Welfer et al. [34] 0.43 8.31 97.7

DIARETDB0 Proposed 0.83 4.26 97.75
Roychowdhury et al. [74] 0.78 4.91 -

DRIVE Proposed 0.86 2.58 97.5
Roychowdhury et al. [74] 0.81 5.01 100
Morales et al. [36] 0.72 5.85 100
Salazar et al. [104] 0.71 6.68 97.5
Welfer et al. [34] 0.42 5.74 100

MESSIDOR Proposed 0.92 1.95 99.92
Roychowdhury et al. [74] 0.84 3.9 100
Marin et al. [105] 0.87 6.17 99.75
Giachetti et al. [72] 0.88 - 99.83
Aquino et al. [35] 0.86 - 98.83
Yu et al. [94] 0.83 7.7 99.08

CHASE DB1 Proposed 0.81 7.89 100
Roychowdhury et al. [74] 0.81 5.19 -

AV INSPIRE Proposed 0.83 4.63 100
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3.4 Conclusion

Attention based fully convolutional network is developed for the segmentation of

optic disc. Attention modules are a reasonably new approach used in object de-

tection and classification. Most of the reported architectures have been designed

to work well for object detection. The placement of attention modules in a fully

convolutional network could enhance the features of different layers. The method

is successful in optic disc detection and segmentation when tested on both dilated

and non-dilated types of fundus images acquired from different medical centers.

The performance of this algorithm does not degrade while handling images con-

taining strong distractors like yellowish exudates which prove the effectiveness and

robustness of the proposed process.
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Automatic classification of the vessels in retinal fundus images into arteries

and veins could help in the diagnosis of a wide range of cardiovascular disor-

ders. Manual discrimination of arteries and veins is very difficult because they

are very similar in many respects like appearance, contrast, and geometry. A

novel framework for detecting the region of interest, extraction of vessel central-

lines within the region of interest, and classifying the arteries and veins using

an attention-based deep neural network named Attention AV-Net is presented

in this paper. The proposed framework with an attention mechanism achieves

high classification accuracy by focusing on informative features and suppressing

irrelevant features. The suggested method has been evaluated using three public

databases AV-DRIVE, AV-INSPIRE and AV-WIDE where it achieves accuracy

of 96.7%, 97.2% and 92.4% respectively. The suggested method outperforms the

other established advanced methods and could be useful for the development of

computer-aided diagnosis of cardiovascular disorders.

4.1 Introduction

The fundus image which gives precise details of the human retina shows the optic

disc, vessels, macula, fovea, exudate, microaneurysms etc. The method of captur-

ing fundus images is relatively easy and inexpensive, as a result, there is a lot of

potential for using the images in extensive screening programs and comparative

statistical analysis. In diseases like diabetes mellitus, sometimes irregular blood

vessel development gives early indications of retinal complications [106]. Hyper-

tension [107] and other cardiovascular illnesses [108] are also linked to changes

in retinal blood vessels. Factors like aging, problems in the cardiovascular sys-

tem, diabetes, habits of smoking etc. can also lead to changes in blood vessels.

Unusual changes are seen in the diameter of the vessels in retinal fundus images.

Investigations by Rotterdam and Wisconsin studies [9], [109], have quantified

the relationships between systemic factors and vascular parameters like diame-

ters and AVR. Diseases like hypertension, high blood sugar, high cholesterol level,

retinopathy [9] etc. are related to lower AVR values whereas higher AVR is as-

sociated with diseases like atherosclerosis, proliferative and diabetic retinopathy,

Aortic valve calcification etc. A lower value of AVR can occur either due to nar-

rowing of artery diameter or venular widening and the reverse happens in case of

higher AVR. In clinical practice, manual estimating of these changes requires lots

of patience and expertise and needs automation. The clinicians often refer to the

ratio of the average arteriolar and average venous diameter of the retinal vessels
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known as AVR within a specific annular region around the optic disc to deter-

mine the gravity of the diameters changes [2]. High-resolution fundus imaging is

typically quick and inexpensive, as a result, large amounts of data are produced

by any retinal screening programs. In order to automate large-scale retinal image

processing, a comprehensive automatic system for classifying arteries and veins

(A/V) is essential. The prior step for AVR computation is the classification of

artery and vein and this paper deals with this classification using attention based

deep neural networks.

4.2 Reported Works on Artery-vein classifica-

tion in fundus image

Most of the automatic classical A/V classification methods [40] [41] [8] [42] [43]

follow few common steps. It starts with preprocessing of the image then assigns

artery-vein probability for each pixel, next forms the topological structure of the

vessel and finally determines the label of the artery-vein. In the prepossessing step,

issues like uneven illumination and background in-homogeneity are corrected us-

ing techniques like luminosity normalization and histogram equalization. A vessel

binary map is generated once the retinal vessels have been segmented. Next, to

assign the pixel-wise A/V probability, at first, all vessel centre-line pixels are an-

alyzed to extract intensity-based features using which a probability is assigned to

each centre-line pixel. Pixel-wise classification can be further improved by creating

a topological structure of the vascular network. This structure basically establishes

how each individual segment is connected. At last, using local and contextual in-

formation every section of the vessel is categorized as either an artery or a vein

and eventually the entire vessel tree is labelled. Fan Huang et al. [44] proposed

the categorization of artery and vein based on features like colours, and topolog-

ical, geometrical and morphological properties of the vascular structure. Memari

et al. [45] presented an artery-vein segmentation method by enhancing fuzzy c-

means clustering and level sets. More the accuracy is achieved in segmentation,

the more precise will be the A/V classification. Jebaseeli et al. [46] enhanced

the Pulse Coupled Neural Network model using some parameter optimization to

segment the vessel structure. Chen et al. [47] described topological connectivity

for classifying the artery and vein, based on which a topology discriminator they

proposed to enhance the accuracy of the classification.
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For the classification task, of late many deep learning-based methods are being

employed. Welikala et al. [48] proposed an artery-vein classification convolution

neural network (CNN) model from retinal fundus images. The network presented

by them is able to learn the existing complex features automatically instead of us-

ing handcrafted features made up of three convolution layers with three fully con-

nected layers. Before classifying, the vessel must be segmented and the centre line

extracted using the prescribed method. Lepetit-Aimon et al. [49] employed a fully

convolutional network with a large receptive field for segmentation of the blood

vessels for high-resolution images with minimum computation cost and compara-

tively low memory. The method’s inability to accurately categorize blood vessels

can be attributed to its ignorance of the vessels’ true topological structure. Hemel-

ings et al. [50] introduced a segmentation and classification approach based on the

classical U-Net model. Girard et al. [51] employed deep learning techniques along

with graph propagation for vessel segmentation and classification of arteries and

veins. But for small diameter vessels and arteriovenous intersections, classification

results were not up to the mark. For similar work, Ma et al. [52] has shown 94.5%

pixel-wise accuracy using a multi-task neural network on the AV-Drive dataset.

Wang et al. [53] presented a multi-task siamese network, that simultaneously per-

forms segmentation and classification tasks to provide more robust deep features

from the fundus images. Using the attention mechanism Chowdhury et al. [54]

developed a multiscale encoder-decoder based attention network that can both

segment and classify arteries and veins. IK Gupta et al. [55] applies the U-Net

framework for segmentation and employs the mayfly optimization kernel extreme

learning [56] method for classification. Sathananthavathi et al.[57] suggested a

deep semantic segmentation architecture for AV classification. Hu et al.[58] tested

a model for AV classification on the DRIVE and HRF dataset that employs an

encoder–decoder segmentation network along with a point set classification maps

of the AV skeleton. Toptas et al. [59] created artery vein patches separately af-

ter preprocessing the fundus image and fed them as input to their proposed deep

learning network architecture to finally classify them whether the patches are of

arteries or veins.

Distinguishing between arteries and veins in fundus images at the pixel level

remains a difficult endeavour due to the significant resemblance between the two,

poor contrast, and artery-vein intersection close to the optic disk. In the proposed

framework, our contributions are as follows:

• The novelty of this work lies in the automated detection of ROI, extraction
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of artery and vein patch based on vessel central, and development of AV-Net

to classify artery and vein with acceptable accuracy.

• Multiple attention blocks have been added to generate different types of

attention-aware features needed for attention residual learning of AV-Net

for the classification of arteries and veins.

• The utilization of both residual learning and attention learning mechanisms

has helped to improve the overall capability of the Deep Convolutional Neu-

ral Network.

• The proposed method is evaluated on three public databases such as AV-

DRIVE, AV-INSPIRE and AV-WIDE. The attention mechanism helps to

improve features at various levels by selectively highlighting important fea-

tures and reducing the irrelevant features which leads to improved perfor-

mance.

This paper contains the following sections: Section 4.3 contains a description

of the publicly available datasets and a description of the proposed method, Sec-

tion 4.4 describes the results and Section 4.5 contains the conclusion.

4.3 Materials and method

4.3.1 Materials

Three public datasets such as AV-DRIVE, AV-INSPIRE and AV-WIDE have been

used for evaluating the proposed and competing techniques as described.

The AV-DRIVE is a set of forty high-quality fundus images of size [565 x

584] pixels which are used for research and development in the field of ophthal-

mology and artificial intelligence (AI). For AV-DRIVE, three individual human

graders conducted manual labelling of vessel pixels, and subsequently, they cross-

referenced their findings to determine the ultimate A/V labels. The progress of

AI algorithms for the automated analysis and interpretation of fundus images is

supported by the AV-DRIVE Fundus Image Dataset. It contains a diverse range

of fundus images captured from different sources, including hospitals, clinics, and

research institutions. These were obtained during a diabetic retinopathy screening

program on an age group of 25-90 years in The Netherlands. The dataset is care-

fully curated to include images with various pathologies, anatomical variations,
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Input Image              è Optic Disc Localization    è RoI Identification

AV Classification      ç AV Patch extraction         ç Vessel Centerline extraction

Figure 4.1: Framework for automated AV classification

and image quality characteristics to ensure its suitability for a wide range of re-

search purposes. Each image in the AV-DRIVE dataset is accompanied by relevant

metadata, such as patient demographics, clinical annotations, and imaging pa-

rameters, which provide valuable context for analysis and algorithm development.

The dataset also includes ground truth annotations, which are expert-verified la-

bels that indicate the presence or severity of specific eye conditions in the images.

These notations function as benchmark criteria for assessing the effectiveness of

AI algorithms.

The AV-WIDE dataset [110] contains 30 high-resolution, wide-field fundus

[3900 x 3072] pixels images. These images were taken by the Duke University

Medical Center, USA and these consist of some healthy eyes and some eyes in-

fected with neovascular AMD and age-related macular degeneration (AMD). As

part of post-processing, these images were cropped to half of their original size

which helps to wipe out non-retinal areas, eyelashes etc.

The AV-INSPIRE Fundus dataset is a comprehensive collection of retinal fun-

dus images curated for medical research and development in the field of ophthal-
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mology. Fundus images capture the posterior segment of the eye which provides

valuable insights into various ocular diseases and conditions. This database comes

from the INSPIRE-AVR dataset, which has 40 images [2392 X 2048] pixels. The

dataset contains a wide range of fundus images, including those obtained from both

healthy individuals and patients with eyes infected with diseases e.g. diabetic and

hypertensive retinopathy, macular degeneration due to age, and glaucoma among

others. These images are captured using specialized equipment, such as fundus

cameras, which enable high-resolution imaging of the retinal structures.

4.3.2 Method

The general approach an ophthalmologist utilizes for AVR computation are detec-

tion of ROI, separation of arteries and veins in ROI and computation of AVR. The

current study focuses on the classification of artery-vein in the ROI. Figure 4.1

displays the proposed method’s block diagram. Inside the retina, the optic disk

is a bright round-shaped area. Major vessels can be detected surrounding the

optic disc because all of the vessels originate from this area. These vessels become

thinner as their distance increases from the optic disc. Major vessels are mainly

the area of interest for most of the research work.

4.3.2.1 Determination of ROI

Faster R-CNN network has been employed for the identification of the optic disc

within the retinal fundus image. The said network tries to localize the object in

those proposed regions with the help of a region proposal network and detector.

The fundus images are subjected to resizing and gamma correction to improve their

quality. The bounding box generated by the regression head of Faster R-CNN is

employed to locate the optic disc. Each bounding box on an input image shows

the potential position of the optic disc, whereas the actual location is indicated

by the bounding box with the highest probability value. It is considered that the

optic disc’s centre is in the middle of the bounding box. The region of interest lies

between the annular region that falls under two concentric circles of radius 1 and

1.5 times the diameter of the optic disc. The analyses and assessments conducted

in this study rely on measurements taken within the annular region as shown in

Figure 4.2.
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Figure 4.2: Determination of RoI (Region of Interest) for AVR computation. The
annular regions around the optic disc pointed out by the arrows are the RoI.

4.3.2.2 A/V Patch Extraction

Arteries carry oxygenated blood and veins carry deoxygenated blood. As a result,

compared with veins the arteries appear brighter and slimmer, and the interior

region of vessels exhibits the central reflex. In addition, the width of the vessels

as well as it’s colour also helps to trace them. For thinner or smaller vessels, it de-

pends on structural characteristics at intersections where crossing of two different

types of vessels happens and bifurcation points where they branch out in the vas-

cular network. Bifurcation points are where a vessel splits into two smaller ones.

A few other important features ophthalmologists use for artery vein classification

are: (i) arteries do not intersect with other arteries, it is true for veins too. There-

fore, of the two vessels at any cross-over location, one is an artery and the other

is a vein (ii) The blood vasculature system has a binary tree-like structure, thus

all three vessel segments at any T-junction are of the same type. For each dataset

such as AV-DRIVE, AV-INSPIRE, and AV-WIDE, the following steps have been

followed.

• Then artery and vein mask is extracted for all the images based on the

ground truth information provided by ophthalmologists Figure 4.3.
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Figure 4.3: Artery-vein Patches

• Using the artery and vein mask, centre-line coordinates are determined.

• Based on the artery and vein centre-line coordinates that are received, sep-

arate artery and vein patches are created of size 32x32.

4.3.3 A/V Discrimination

4.3.3.1 Attention Mechanism

This mechanism operates much like the human perception process, employing

higher-level information to steer the forward flow of lower-level data. At first,

the attention mechanism in natural language processing [111] [112]. Attention

mechanisms have also utilized for crafting medical reports [113] [114] and com-

bined image-text classification [115]. Attention blocks are utilized to highlight the

relevant information and suppress the irrelevant information and refine the fea-

ture map and used for image categorization [99] [116], [117], segmentation [118],

and captioning [119] [120]. The channel attention looks for semantic information

(what), with each channel assigned with specific weights. The spatial attention

concentrates on specific locations (where) and the feature map is updated with

corresponding soft weights. According to Jetley et al. [99], attention blocks learned
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Figure 4.4: Block Diagram of AV-Net

during the full network’s end-to-end training, improve performance.

Hu et al. [121] introduced the Squeeze-and-excitation (SE) module, where

channel-wise features are corrected based on finding non-linear correlations be-

tween channels. The modules for spatial and channel attention can be integrated

either adding or concatenating. Long-range contextual dependencies are captured

in dual attention network [122] by fusion of spatial and channel attention. The

channel and spatial attention modules are cascaded in convolutional block atten-

tion module [101].

4.3.3.2 Network Architecture

The architecture presented in Figure 4.4 has been designed based on residual

attention network [116]. The network is constructed with multiple attention blocks

to generate different types of attention-aware features. The attention mechanism

enables the network to improve features at various levels by selectively amplifying

important features while reducing the influence of irrelevant ones. The attention

mask serves as a feature selector in the forward pass. Residual trunk and attention

mask branches are integral components in training the network through attention-

based residual learning. The purpose of the trunk branch (Figure 4.4) is to extract

features and the mask branch is used to generate corresponding weights to refine

the features by element-wise multiplication and added with trunk branch features.

The trunk branch is constructed with two residual blocks in each stage. The

mask branch is constructed with a bottom-up and top-down block, where the

bottom-up block consists of residual blocks, max-pooling layers and the top-down
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block consists of residual blocks and up-sampling layers. The skip connections

are used between bottom-up and top-down blocks for efficient merging of high-

resolution features with low-resolution features. The input image is operated with

five residual blocks and the feature map is refined by three attention stages and

finally classified as artery or vein.

4.3.3.3 Training of Network

The proposed network and competing methods are implemented in PyTorch and

trained using a workstation with 24 GB GPU for up to 150 epochs. During the

experiment, the learning rate that has been considered is 0.00001. The training of

a deep neural network relies on the crucial contribution of optimizers. There are

many popular optimizers used during training like Adam, RMSProp, Stochastic

gradient descent etc. We opted for the Adam optimizer due to its ease of im-

plementation, computational efficiency, minimal memory requirements, resilience

to diagonal rescaling of gradients, and suitability for handling large-scale prob-

lems involving extensive data and/or parameters. Adam optimizer has been used

during the network training by reducing cross-entropy loss to quantify the differ-

ence between the targets and predictions. The objective is to minimize this loss

function, which is measured by l(f(xi), yi) where (xi, yi) represents the sample

input-output pair. For example, in the case of Binary Classification, cross-entropy

is defined in Equation A.1:

− 1

N

N∑
i=1

(yilog(pi) + (1− yi)log(1− pi)) (4.1)

where pi and yi (0 or 1 in the case of binary classification) are the predicted prob-

ability and indicator of the ith case respectively and N is the number of samples.

A simple extension to a Multi-class Classification (say C classes) problem exists

as follows Equation A.2:

− 1

N

N∑
i=1

C∑
j=1

(yijlog(pij)) (4.2)

where pij is the predicted output for the ith sample and jth class and yij is the

true output for the ith sample and jth class.
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4.4 Results and discussion

This paper evaluates the artery-vein classification performance of the proposed

and competing methods using three publicly available datasets: AV-DRIVE, AV-

WIDE and AV-INSPIRE using sensitivity Equation 4.3, specificity Equation 4.4,

precision, accuracy Equation 4.5, and YI-score Equation 4.6 as mentioned below.

Sensitivity(Se) =
TP

TP + FN
(4.3)

Specificity(Sp) =
TN

TN + FP
(4.4)

Accuracy(Acc) =
TP + TN

TP + TN + FP + FN
(4.5)

Y I − Score = 1− (Sensitivity + Specificiy) (4.6)

here TP, TN, FP and FN means true positives, true negatives, false positives, and

false negatives respectively. Three evaluation metrics namely sensitivity, speci-

ficity and accuracy are used to assess the effectiveness of the proposed method in

artery-vein patch classification. YI(Youden’s index) is a widely recognised diag-

nostic assessment that evaluates the effectiveness of a dichotomous test. In the

case of YI, both sensitivity and specificity are considered to compute the trade-off

between them. The value of YI ranges from 0 to 1, when both sensitivity and

specificity are maximum it is 1, when they are both least it is 0.

Table 5.1 presents a comparative analysis of the proposed and other established

methods for AV-DRIVE, AV-INSPIRE and AV-WIDE. We used a three-fold cross-

validation approach to assess performance. It has shown better accuracy of 96.7%,

97.2% and 92.4% for AV-DRIVE, AV-INSPIRE and AV-WIDE respectively when

compared with other approaches. The specificity was recorded as 98.0% for AV-

DRIVE, 97.3% for AV-INSPIRE and 91.1% for AV-WIDE which is better than

competing methods. The proposed model obtained sensitivity of 95.3% for AV-

DRIVE, 97.5% for AV-INSPIRE and 93.7% for AV-WIDE. The YI-scores are

84.8% for AV-WIDE, 93.3% for AV-DRIVE, and 94.8% for AV-INSPIRE, respec-

tively. It is observed that the sensitivities and YI-scores of the proposed network

outperform other established methods.

The test performance of our method on the AV-DRIVE, AV-INSPIRE and AV-

WIDE datasets has been shown using the ROC curves in Figure 4.5, Figure 4.6
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Figure 4.5: ROC Curve for AV-DRIVE Dataset

and Figure 4.7 respectively. These curves represent the effectiveness of the network

for several operating points. In ROC, sensitivities are plotted with respect to 1-

specificity. The single numerical value provided by the area under the curve (AUC)

quantifies the classifier’s overall performance. An ideal classifier achieves an AUC

of 1, whereas a random classifier attains an AUC of 0.5. The closer the AUC is to

1, the better the classifier. In our case, it achieves the AUC values of 0.95, 0.94

and 0.93 for AV-DRIVE, AV-INSPIRE and AV-WIDE data sets respectively.

4.5 Conclusion

In our research, we have proposed a novel Convolutional Neural Network (CNN)

utilizing the Resnet architecture, coupled with an Artery-vein discriminator, to

classify retinal vessels. This model consists of multiple Attention Residual Learn-

ing Block to discriminate Artery from Vein. Here the approach uses the benefit of

both the residual learning as well as attention learning mechanisms to enhance the

nature of the Deep convolution neural network’s capacity. We evaluated this net-

work model on the AV-INSPIRE, AV-DRIVE, and WIDE datasets. Our findings

demonstrate that our model can achieve superior results in artery-vein classifica-

tion by adaptively focusing on the distinguishing aspects of artery-vein character-

istics within the fundus image. We intend to expand on this research by looking

at unsupervised attention learning and classification.
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Figure 4.6: ROC Curve for AV-INSPIRE Dataset

Figure 4.7: ROC Curve for AV-WIDE Dataset
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Accurate estimation of the Artery-Vein width ratio (AVR) in a fundus image is

a very important step in the diagnosis of many diseases like diabetic retinopathy,

glaucoma, hypertension or cardiovascular pathologies. The accuracy of AVR is

highly dependent on Artery-vein (AV) classification around the close region of the

Optic Disc known as Region-of-interest. This paper presents an automated ap-

proach for measuring the AVR in retinal fundus images. In our suggested process

the steps are identifying the optic disc’s location, segmenting it, determining the

region of interest, classifying arteries/veins using an Attention-based AV net, and

ultimately calculating the Arteriole-to-Venule Ratio. Evaluation of this method

was conducted using a publicly available INSPIRE-AVR image dataset. We have

reported the mean error and the correlation coefficient which are comparable to

the AVR values mentioned as reference.

Ocular diseases, AVR, Retinal fundus image, Arteries and veins classification,

Convolutional neural network, Attention mechanism, cardiovascular disorders

5.1 Introduction

Analysing the health status of microvasculature can provide an early alert to the

person not only for significant cardiovascular diseases as well as for some systemic

diseases like diabetic retinopathy[126], glaucoma[127], retinopathy of prematurity

etc. which can lead to blindness[128],[129]. All these diseases affect the vascular

width of segments or the overall length and even sometimes the structure. A 2D

retinal fundus image which captures the back of the eye, is a cost-effective method

of allowing a doctor to directly view a patient’s blood vessels. It is captured

using a non-invasive device called funduscope. Though eye physicians appreciate

this fact but manually measuring the artery-vein width using these images is a

very cumbersome and laborious process. Estimating AVR values manually poses

a challenging endeavour, and nowadays most medical applications employ semi-

automatic approaches to compute these index values. Detecting these diseases

early can save a substantial economic burden and prevent a person from early

blindness.

So the development of an automated technique for calculating the AVR might

significantly influence clinical practice and result in a better evaluation of indi-

viduals having brain and cardiovascular illnesses. Any robust automatic AVR

estimation system requires optic disc (OD) detection for region of interest (RoI)

delineation and artery-vein classification with high accuracy as even minor classi-

fication errors can significantly impact the final AVR outcome.
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computation

Image input
Optic disc segmentation
and Region of Interest 
identification

Based on vessel centreline 
create artery and vein patches 
for network training

Consider top six arteries
and top six veins inside 
the RoI, discard vessels 
with branches

Classification of artery and 
vein patches using residual 
AV NetCalculate CRAE & CRVE

      AVR = 
CRAE/CRVE

Figure 5.1: Framework for automated AV classification and AVR calculation

5.2 ReportedWorks on Arteriolar-to-venular (AVR)

width ratio computation

Several approaches to automatically calculate AVR have been previously intro-

duced [40] [60] [61]. The main difference in those studies is the different ap-

proaches to artery-vein classification. In 2003, the automatic classification of AV

was first published in a work by Grisan et al. [62]. Ruggeri et al. [60] introduced

a technique where they first located the OD, identified RoI around the OD and

finally classified the vessel pixels as an artery or vein inside the RoI. Tramontan et

al. [61] published an extended version of this work where they changed both the

vessel tracking mechanism and the features for discriminating arteries and veins

structure. Niemeijer et al. [40] used a linear classifier for vessel classification and

calculated AVR using Knudtson’s revised formula [2]. Khanal et al. [63] in their

recently devised a fully automatic method to calculate AVR in fundus image after

classifying artery-vein on a complete vascular network.

In this paper, we have presented a fully automatic method for AVR calculation

that includes the steps - OD segmentation, RoI detection, Vessel centre-line detec-

tion, AV classification using Attention-based AV net and finally AVR calculation.

The structure of the paper is outlined as follows: Section II introduces the

proposed approach for estimating AVR. Section III details the outcomes of tests

conducted on images from the INSPIRE-AVR database. Lastly, in Section IV, the

conclusions drawn from this work are summarized.
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5.3 Materials and Method

5.3.1 Materials

Our proposed method has been evaluated on the publicly available INSPIRE-AVR

fundus image dataset. This dataset is a comprehensive collection of retinal fundus

images curated for medical research and development in the field of ophthalmology.

This dataset has 40 images [2392 × 2048] pixels. The dataset contains a wide

variety of fundus images, including both individuals without health issues and

those with eyes affected by diseases. infected with diseases e.g. diabetic and

hypertensive retinopathy, macular degeneration due to age, and glaucoma among

others. Fundus cameras, a specialised equipment that allows for high-resolution

imaging of the retinal structures, are used to collect these images.

5.3.2 Method

We have followed the following steps for AVR computation - identification and

segmentation of the optic disc, RoI detection, vessel centre-line extraction, classi-

fication of arteries and veins patches in the RoI and computation of AVR. Clas-

sification of artery-vein in the RoI is one of the main areas of this study. Vessel

calibers present in the RoI are measured for which detection of OD is required.

Figure 5.1 displays the proposed method’s block diagram. Inside the retina, the

optic disk is a bright round-shaped area. Major vessels can be detected surround-

ing the optic disc because all of the vessels originate from this area. As the vessels

move away from the optic disc, it become thinner. Mainly, major vessels are the

area of interest for most of the research work.

5.3.2.1 Optic disc localization in fundus image

The error-free measurement of AVR is a very challenging task and the first step

of the whole workflow is optic disc detection. The identification of the optic disc

is essential for determining the specific location of the region of interest (RoI). In

our work, we have used Faster R-CNN [93] based Deep neural networks that can

speed up the optic disc detection. The network is made up of two modules - the

first module is a deep convolutional network is there to propose regions and the

second module is a Fast RCNN detector that uses those proposed regions. When

these two modules are combined it works as an object detection model. This

design has led to a significant advancement in the object detection model because
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Figure 5.2: Original image in the left column and corresponding Region of interest
for AVR (delimited by the two blue circles) in the right column

before this it was only possible to determine the presence of any specific object in

an image but this model helps to determine the exact location of the object. The

bounding box generated by the regression head of Faster R-CNN is employed to

locate the optic disc. Each bounding box on an input image shows the potential

position of the optic disc, whereas the bounding box with the highest probability

value indicates the actual location. It is considered that the optic disc’s centre is

in the middle of the bounding box.

5.3.2.2 Optic disc segmentation in fundus image

Attention Based Fully Convolutional Neural Network has been utilized in our work

for optic disc segmentation. The attention modules help to increase the perfor-

mance of segmentation for natural images. It also helps to suppress false-positive

regions and to highlight informative regions. The spatial attention provides the

location of the features, while channel attention utilises the features that can be

found in the available channels. The attention module helps to focus on relevant

features to improve the segmentation results. The morphological operation and

shape features are used to eliminate the false positives. This framework aims

to create an attention-based deep network designed for identifying informative

regions within fundus images, such as the optic disc and selecting informative

images to facilitate rapid and efficient transfer learning. The channels containing

high-level features could be improved by channel attention whereas the spatial

attention could enhance the spatial connectivity of features.
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Figure 5.3: Network diagram for Artery-vein classification

5.3.2.3 Determination of RoI and AV Patch creation

Once the optic disc segmentation is complete, the region of interest lies between

the annular region that falls under two concentric circles within 0.5 and 1.0 times

the diameter of the optic disc, refer to Figure 5.2. The analyses and assessments

conducted in this study rely on measurements taken within the annular region.

For every image in the dataset, the artery and vein mask is extracted based on

the ground truth information provided by ophthalmologists, Using the artery and

vein mask, centre-line coordinates are determined. Based on the artery and vein

centre-line coordinates that are received, separate artery and vein patches are

created of size 32×32.

5.3.2.4 Artery-Vein classification

We have used a residual attention network, refer to Figure 5.3, for the classifica-

tion task where multiple attention blocks are used to generate different types of

attention-aware features. The attention mechanism helps to improve features at

various levels by selectively highlighting important features and reducing irrele-

vant features. The channel attention looks for semantic information (what), with

each channel assigned with specific weights. The spatial attention concentrates on

specific locations (where) and the feature map is updated with corresponding soft

weights. The utilization of both residual learning and attention learning mech-

anisms has helped to enhance the overall capability of the Deep Convolutional

Neural Network. The input image is operated with five residual blocks and the

feature map is refined by three attention stages and finally classified as artery or

vein. The proposed network and competing methods are implemented in PyTorch

and trained using a workstation with 24 GB GPU for up to 150 epochs. During

the experiment, the learning rate is considered 0.00001 because in this setting we

have received the best performance. Adam optimizer has been used during the
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network training by reducing cross-entropy loss to quantify the difference between

the targets and predictions. A 3-fold cross-validation approach was used during

training and testing.

5.3.2.5 AVR computaion

Once the vessel patches have been identified as arteries or veins, the distance be-

tween each vessel pixel and the nearest boundary point, d, is determined by apply-

ing a distance transform to the vessel segments inside the patches. Subsequently,

the vessel caliber value is estimated for every pixel along the vessel centerline using

the formula 2d-1. The AVR value is computed based on the calibers of the vessels

within the defined region of interest (RoI).

The AVR is determined by the ratio of CRAE (Central Retinal Artery Equiv-

alent) and CRVE (Central Retinal Vein Equivalent). First, a set of the six largest

arteries is chosen to calculate CRAE. The largest and smallest vessels in this group

are then paired using an algorithm known as Knudtson’s formula [2] for the par-

ent trunk width determination. In the event of insufficient measurement points,

fewer widths overall may be employed. The parent trunk is then used to generate

a new set of arteries replacing the largest and smallest arteries, and the process

is continued until only one vessel is left, the width of which corresponds to the

CRAE value. The CRVE is computed following the same method considering the

width of the six largest veins.

5.4 Results and Discussion

This paper evaluates the artery-vein ratio calculation of our proposed and com-

peting methods on the INSPIRE-AVR dataset. We need to perform the steps in

the methods described above. The assessment of optic disc detection performance

involves measuring the Success Rate (SR) that represents the percentage of images

in which the optic disc’s centroid is successfully localized inside the boundary of

the ground truth mask of the same. We have received 100% SR for this dataset.

We have used two metrics to assess how well the optic disc segmentation worked.

First is the Overlap Measure (OM) that shows the proportion of the overlapping

area between the real and segmented optic disc. Second is the Mean Absolute Dis-

tance (MAD) which denotes the average of the minimum distances measured from

the actual optic disc’s boundary to the segmented optic disc’s boundary. In our

case, we have received 0.83 as OM value and 4.63 as MAD value. Using the resid-
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ual attention network, we have received 97.2% accuracy for the INSPIRE-AVR

dataset images. The specificity and sensitivity have come to 97.3% and 97.5%

respectively. Finally, for AVR values the ground-truth data is available for this

dataset where two human graders have measured the AVR. We can achieve a mean

error of 0.05±0.05 with respect to the Observer-1 reference value and 0.05±0.04

with respect to the 2nd grader. The comparison result with both the sets has been

shown in Table 5.1. Our result is similar to the one of Observer-2 and is smaller

than the error of the recent approach presented by Niemeijer et al. [130].

Table 5.1: Comparison of AVR values for all images of the INSPIRE-AVR dataset

Method Name Mean AVR value
(Stdev)

Mean error
(Stdev)

Observer-1 (Ref) 0.67 (0.08) -
Observer-2 0.66 (0.08) 0.05 (0.04)
Niemeijer et al. [130] 0.67 (0.07) 0.06 (0.04)
Khanal et al. [63] 0.64 (0.09) 0.07 (0.06)
Proposed method 0.67 (0.07) 0.05 (0.05)

5.5 Conclusion

In our research, an attention network for the artery-vein classifier has been utilized

and we have calculated AVR on the INSPIRE-AVR dataset which shows promis-

ing results. Thus we can say this process has the potential to be used in clinical

applications. In future, we shall emphasize the development of a better atten-

tion module for improved accuracy for artery-vein classification and subsequent

improvement in AVR computation.
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C H A P T E R 6

Conclusion

6.1 Summary of Studies

The Arteriolar-to-Venular Ratio (AVR) serves as an indicator utilized in the early

detection of conditions like diabetes, hypertension, or cardiovascular disorders. In

our work, we have presented fully automated methods for assessing the Arteriolar-

Venular Ratio (AVR) mesaurement in retinal images. Our whole work comprises

of few methods optic disc detection or segmentation, determination of the region

of interest, classification of vessels into arteries and veins, and ultimately, AVR

calculation. We have provided an overview of our research in this chapter and laid

the groundwork for future uses of deep learning techniques in AVR calculation.

In Chapter 2, we have discueed optic disc localization in retinal fundus im-

ages. We have employed Faster R-CNN method for this work. We know R-CNN

method introduced in 2013 comprises of region proposal plus CNN. There selective

sarch is used for localization where the probability of object existence is highest.

These set of region proposals are then fed into a trained deep learning CNN to

extracts a feature vector. The vector is fed into a set of linear SVMs for the

classification task. There is a bounding box regressor to get the most accurate co-

ordinate. Then in 2015, Fast R-CNN came to overcome drawbacks of R-CNN like
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Multiple stages were required for the training like ConvNets to SVMs to bounding

box regressor. Further improvement happens in the Faster R-CNN architecture

which consists of two module. The first module is a deep convolutional network

to propose regions and second module is Fast R-CNN detector. Our proposed

method shows satisfactory robustness on both normal and images affected by dia-

betic retinopathy. It outperforms many previous methods in terms of speed with

satisfactory accuracy of optic disc localization. We tested accuracy of optic disc

localization on AV-DRIVE, AV-INSPIRE and AV-WIDE Datasets where we have

achieved 100% accuracy. We also measured OD localization accuracy in MES-

SIDOR dataset where we have achieved 98.75% accuracy outperforming existing

methods.

In Chapter 3, we presented simultaneous optic disc detection and segmen-

tation in fundus image using attention based fully convolutional network. The

network consists of four blocks of convolution layers and three attention blocks

are added to refine the feature map of last three blocks. In the convolution block

attention module (CBAM), a channel attention module is applied on a feature

map. The result is further refined by a spatial attention module. The architec-

ture focuses on both channel and spatial attention to learn about what and where

about features. The features extracted from the last three blocks are refined by

CBAM and final feature map is obtained by depth wise concatenation of refined

features. We reported Overlap measure (OM), Mean absolute distance (MAD)

and Success rate (SR) on DIARETDB0, DIARETDB1, DRIVE, AV-INSPIRE,

CHASE DB1 and MESSIDOR datasets.

In Chapter 4, we discussed artery-vein classification in fundus image using

attention based CNN. In this method, first artery and vein mask is extracted for all

the images based on the ground truth information provided by ophthalmologists.

Then Using the artery and vein mask, centre-line coordinates are determined.

Based on the artery and vein centre-line coordinates that are received, separate

artery and vein patches are created of size 32x32. Attention mechanism operates

much like the human perception process, employing higher-level information to

steer the forward flow of lower-level data. Attention blocks are utilized to high-

light the relevant information and suppress the irrelevant information and refine

the feature map and used for image categorization. The channel attention looks
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for semantic information (what), with each channel assigned with specific weights.

The spatial attention concentrates on specific locations (where). The modules for

spatial and channel attention can be integrated either adding or concatenating.

The architecture has been designed based on residual attention network. Our net-

work is constructed with multiple attention blocks to generate different types of

attention aware features. The attention mechanism enables the network to im-

prove features at various levels by selectively amplifying important features while

reducing the influence of irrelevant ones. The input image is operated with five

residual blocks and the feature map is refined by three attention stages and finally

classified as artery or vein. Adam optimizer has been used during the network

training by reducing cross-entropy loss. We reported sensitivity, specificity, accu-

racy and Y1 score of classification on Av-DRIVE, AV-INSPIRE and AV-WIDE

datasets.

In Chapter 5, we calculated state-of-the art A-V ratio on the INSPIRE-AVR

dataset. Top six wide arteries and six wide veins within 1D to 1.5D from the disc

center has been extracted. AV ratio has been calculated using the iterative method

proposed by Knudtson et al. using the formula : AVR=CRAE(A)/CRVE(V)

where A and V are list of width of arteries and veins in descending order, CRAE be-

ing Central Retinal Artery Equivalent, and CRVE as Central Retinal Vein Equiv-

alent. We have compared this result with the work of Niemeijer et al.[40] and

Khanal et al.[63].

6.2 Contributions of the Thesis

The contributions of the thesis towards the development of a self-learning tool are

summarized as follows.

• Implementation of Faster R-CNN method for optic disc localization.

• The success of convolutional neural network in object segmentation has mo-

tivated us to investigate the performance of fully convolutional network for

optic disc detection and segmentation. Attention module helps to focus on

relevant features to improve the segmentation results. Channel and spatial
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attention combine both the spatial context as well as the semantic informa-

tion of optic disc. We have presented attention based fully convolutional net-

work for optic disc detection and segmentation and suppress false-positive

regions and to highlight informative regions, we have developed attention

based fully convolutional network. The method is successful in optic disc

segmentation when tested on both dilated and non-dilated types of fundus

images acquired from different medical centres. The performance of this

algorithm does not degrade while handling images containing strong dis-

tractors like yellowish exudates which prove the effectiveness and robustness

of the proposed process.

• In our Artery-vein classification in fundus image work we have used a novel

CNN (Convolutional Neural Network) framework utilizing the Resnet archi-

tecture for the detection of the region of interest (ROI), extraction of vessel

central-lines within ROI, and development of AV-Net to classify artery and

vein with acceptable accuracy. Multiple attention blocks are used to gen-

erate different types of attention-aware features. The attention mechanism

helps to improve features at various levels by selectively highlighting impor-

tant features and reducing irrelevant features. Here the approach uses the

benefit of both the residual learning as well as attention learning mechanisms

to enhance the nature of the Deep convolution neural network’s capacity.

6.3 Future Scope

The current study opens up opportunities to further explore the ideas proposed

in this thesis, paving the way for the creation of a diagnostic tool for AVR mea-

surement. Potential future lines of investigation related to the thesis are listed

below:

• We intend to expand on this research by looking at unsupervised attention

learning and classification.

• Improvement of algorithm for handling noisy images
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A P P E N D I XA

Appendix

A.1 Deep Learning Fundamentals

The deep learning-based applications started gaining the attention of the universe
from 2012 onwards though the main ideas of deep learning for computer vision such
as convolutional neural networks and backpropagation were known to researchers
at the end of 1980s. There are three areas which have helped deep learning to
flourish are - Hardware, Datasets and benchmarks, Algorithmic advances

A.1.1 Hardware

Hardware advancements have played a crucial role in the flourishing of deep learn-
ing, enabling the development and deployment of increasingly complex neural net-
work models. Typical deep learning models for speech recognition and computer
vision demand much more parallel processing power than any commonly avail-
able server. Graphics Processing Units (GPUs) are well-suited for this parallel
processing, as they consist of thousands of cores that can handle multiple tasks
simultaneously. This allows for a significant acceleration of training times com-
pared to traditional central processing units (CPUs). After that tensor processing
unit (TPU) came into the field, which is a brand-new chip architecture created to
run deep neural networks and it is ten times faster and significantly more energy-
efficient than the best GPUs. Next, distributed computing architectures, which
involve connecting multiple computing devices to work collaboratively, have be-
come essential for training large deep learning models. This approach allows for
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the distribution of computational tasks across multiple GPUs or even across differ-
ent machines, facilitating faster training times and increased model complexity. In
essence, hardware advancements have provided the computational muscle needed
to tackle the complexities of deep learning models. These advancements have not
only accelerated the training and deployment of existing models but have also
paved the way for the exploration and development of increasingly sophisticated
and capable neural networks.

A.1.2 Datasets and benchmarks

Datasets are essential to the growth of deep learning Because they provide the
information needed for model evaluation and training. The development of the
internet has changed everything by making it possible to gather and share very
big datasets for machine learning. Large organizations now operate with datasets
that could not have been gathered without the internet, including image, video,
and natural language information. The ImageNet dataset, which consists of 1.4
million images that have been manually annotated with 1,000 image categories
(one category per image), is arguably the dataset that has contributed most to
the development of deep learning. Kaggle is another popular dataset used by the
online community of data scientists and machine learning practitioners. In essence,
datasets serve as the foundation upon which deep learning models are built. The
quality, diversity, and size of datasets significantly influence the success and gen-
eralization capabilities of deep learning models, ultimately contributing to the
ongoing evolution and flourishing of the field.

A.1.3 Algorithmic advances

Algorithmic advances have played a crucial role in facilitating the flourishing of
deep learning. At the beginning, shallow methods such as SVMs and random
forests were mostly used. The main drawback of these methods was as the num-
ber of layers increased, the feedback signal that was utilized to train neural net-
works used to disappear. With the introduction of several improved algorith-
mic advancements gradient propagation started giving much better performance.
Among them, activation functions, such as Rectified Linear Units (ReLU), have
addressed issues like vanishing gradients and enabled the training of deeper net-
works more effectively; better optimization techniques like RMSProp and Adam,
helps deep learning models learn from data and improve their performance over
time. Transfer learning leverages pre-trained models on large datasets for a spe-
cific task and fine-tunes them for a new, related task with limited data. This
algorithmic approach allows the transfer of knowledge gained from one domain to
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another, making deep learning more accessible in scenarios with limited labeled
data. During the last few years, with the advancement of new techniques like
batch normalization, residual connections, and depthwise separable convolutions,
we can now train thousands of layer-deep models from scratch.

A.2 Building blocks of Deep learning network

Deep learning networks are composed of several fundamental building blocks, each
serving a specific purpose in the modeling and learning process. Here are the basic
building blocks of a typical deep learning network:

A.2.1 Neural network

The building blocks of deep learning are neural networks. Deep learning networks
can be defined as neural networks with more than three layers, which would include
both the inputs and the output. A simple neural network consists of simply two
or three layers. The word ”deep” basically refers to the depth of layers in a neural
network. Layers are the fundamental unit of a neural network that consists of
multiple neurons. It is made up of an input layer that is used to receive the
initial input data, an output layer that produces the final output of the network,
and a few hidden layers that perform a computation (usually a weighted sum).
The number of hidden layers varies depending on the problem. Every node, that
is connected to one another has a weight and threshold. When the output of a
particular node exceeds the designated threshold value, the node activates, and
transmits data to the next layer of the network. Otherwise, no data is forwarded
to the following layer of the network. (Refer Fig. A.1). The efficacy of neural
networks depends on their ability to learn and get fine-tuned through training
data. Once these algorithms are fine-tuned they become very powerful. They can
classify and cluster data with very high accuracy.

A.2.1.1 Weights and Bias

The weights and biases play a crucial role in advancing data through a neural
network. Weights are parameters that determine the strength of connections be-
tween neurons. Bias terms are additional parameters that provide flexibility to the
model. Each connection has an associated weight, which is adjusted during the
training process, known as forward propagation, to optimize model performance.
After the completion of forward propagation, the neural network proceeds to en-
hance connections based on the errors identified during this phase. Subsequently,
the flow reverses, traversing through layers to identify nodes and connections in
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Figure A.1: Neural Network (Source: https://www.ibm.com/topics/neural-
networks)

need of adjustment—a process referred to as backward propagation. Biases are
additional parameters in neural networks that are associated with each neuron.
The neural network can learn and express more complex functions using biases.
They offer flexibility by enabling the network to take into account variations in in-
put that the weights alone might not be able to fully capture. Like weights, biases
are also adjusted during the training process to minimize the overall error. They
contribute to the neuron’s activation function, helping to introduce non-linearity
into the network.

A.2.1.2 Activation Functions

Activation functions introduce non-linearity into the network, allowing it to learn
complex patterns in data. Only linear layers would not improve a neural network’s
ability to learn and represent more complex relationships. Without activation
functions, a neural network would only be a linear model. An activation function,
used in neural networks, produces a low output when the input is below some
set threshold and a higher output when inputs surpass the threshold. It ”fires”
if the inputs are sufficiently large; otherwise, it remains inactive. Here are some
common activation functions used in deep learning, refer Fig. A.2 :

• Sigmoid Function It is frequently utilized in binary classification models’
output layer since it reduces the output to a value that resembles probability.
It transforms input values into a range between 0 and 1, like an S-shaped
curve. Its formula is expressed as f(x) = 1 / (1 + e(-x)), where e is the base
of the natural logarithm.

• Hyperbolic Tangent (tanh) Function: Similar to the sigmoid function
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but with a larger output range, often used in hidden layers of neural net-
works. The tanh function maps input values to the range [-1, 1], sigmoidal
(s-shaped). The benefit of this graph is that the zero inputs will be mapped
close to zero and the negative inputs will be mapped considerably negatively.
This function is mainly used in binary classification.

• Rectified Linear Unit (ReLU): It is an activation function frequently
employed in artificial neural networks. It is a piecewise linear function that,
in the case of a negative input, outputs zero and, otherwise, outputs the
input directly. The function is defined as f(x) = max(0, x), where x is
the input to the function. ReLU has gained popularity in deep learning
due to its simplicity and effectiveness in mitigating the vanishing gradient
problem, which can occur with other activation functions. This makes ReLU
a common choice for hidden layers in neural networks.

• Leaky-ReLU: An alternative to the Rectified Linear Unit (ReLU) activa-
tion function used in artificial neural networks is the Leaky Rectified Linear
Unit (Leaky ReLU). When the input is negative, it permits a small, non-
zero gradient, resolving the problem of ”dying” neurons that can arise with
regular ReLU units. The formula for the Leaky ReLU function is f(x) =
max(ax, x), where ’x’ is the function’s input and ’a’ is a small positive con-
stant (usually a very small number, like 0.01). Leaky ReLU, as opposed to
ReLU, prevents complete inactivity and promotes information flow even in
situations where it receives a negative input. ReLU outputs zero in such
circumstances. Some of the drawbacks of conventional ReLU units are ad-
dressed by this tiny slope for negative inputs.

A.2.2 Loss Function

A loss function is a mathematical function that evaluates the difference between
the predicted and target output values, showing the effectiveness of a neural net-
work in representing the training data typically for a classification or regression
task. The goal of training a neural network is to minimize this loss function.
Several types of loss functions that are mostly used have been described here :

• Cross-entropy loss function: This is generally used in classification tasks
for predicting probabilities whose output is a probability value between 0 and
1. The cross-entropy loss also known as log loss rises when the predicted
probability deviates from the true label. The cross-entropy loss is minimized,
with lower values indicating a superior model compared to higher values. A
model achieving perfect probability predictions would have a cross entropy

67



Appendix

Figure A.2: Different activation functions

or log loss of 0.0. For binary classification, it is a two-class scenario, the
computation of cross-entropy can be calculated as :

− 1

N

N∑
i=1

(yilog(pi) + (1− yi)log(1− pi)) (A.1)

where pi and yi (0 or 1 in the case of binary classification) are the predicted
probability and indicator of the ith case respectively and N is the number of
samples. A simple extension to a Multi-class Classification (say C classes)
problem exists as follows Equation A.2:

− 1

N

N∑
i=1

C∑
j=1

(yijlog(pij)) (A.2)

where pij is the predicted output for the ith sample and jth class and yij is
the true output for the ith sample and jth class.
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• Mean squared error loss function: In regression tasks where the ob-
jective is to predict continuous numbers, this is used. Mean Squared Error
(MSE) calculates the mean of the squared variances between the predicted
outputs and the target values. It can be expressed as :

MSE = − 1

N

N∑
i=1

(yi − ŷi)
2 (A.3)

where yi is the predicted value and ŷi is the ground truth value. This function
possesses various characteristics that makes it particularly suitable for loss
calculation. It squares the difference, ensuring indifference to whether the
predicted value is greater or lesser than the target value. Nevertheless, it pe-
nalizes values exhibiting substantial errors. Additionally, the Mean Squared
Error (MSE) is a convex function with a well-defined global minimum, facil-
itating the application of gradient descent optimization for the adjustment
of weight values in a more straightforward manner.

It’s important to choose an appropriate loss function based on the nature of
the problem. Different tasks may require different loss functions to effectively
guide the training process and improve the model’s performance.

A.2.2.1 Optimizer

It is the method by which the network adjusts its parameters in response to its
loss function and the data it observes. The neural network must be trained using
an optimization method, which looks for the optimal set of parameters to enable
the model to give correct output on the testing data. Based on the gradients
of the loss function with respect to those parameters, the optimizer modifies the
neural network’s parameters. Gradients show the extent and direction of the
loss’s steepest climb. Most optimizers are variants of gradient descent. To find a
local minimum of the loss function, the main idea is to change the parameters in
the opposite direction of the gradient. This process is repeated iteratively until
convergence. One hyperparameter that regulates the step size in the parameter
space at each optimization iteration is the learning rate. It affects how much the
parameters of the model are changed in reply to the computed gradients. Selecting
the right learning rate is essential to the convergence and stability of the training
process. There are several optimizers commonly used in deep learning:

• Stochastic Gradient Descent (SGD): This is the basic form of gradient
descent where the model parameters are updated on every iteration. It
suggests that the model is updated and the loss function is checked following
each training sample. The algorithm is based on a randomness that is implied
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by the term ”stochastic.” For large amounts of data, this optimizer uses
batches of the datasets for iteration, not the complete dataset at once to
attain the local minima. In deep learning, an SGD optimizer is preferred
when dealing with large amounts of data and significant computing time.

• Adaptive Gradient Algorithm (Adagrad): An optimizer that adapts
the learning rate for each parameter based on the historical sum of squared
gradients. In the case of sparse feature input with predominantly zero values,
it is possible to use a higher learning rate to counteract the diminishing
gradient associated with these sparse features. Conversely, when dealing
with dense data, a slower learning rate may be more appropriate. Having an
adaptable learning rate that can alter based on the input given is the answer
to this problem. Adagrad optimizer aims to achieve this adaptability by
reducing the learning rate proportionally to the evolving history of gradients.

• Root Mean Square Propagation (RMSprop): It is an improved version
of the Adagrad optimizer. The full form of RMSProp is Root Mean Square
Prop. It is adaptive in nature. For every weight, it maintains the moving
average of the squared gradients, then divides that by the square root of the
mean square. In this manner, it tries to overcome the diminishing learning
rate problem of Adagrad. The learning rate in RMSProp is automatically
modified, and a distinct learning rate is selected for every parameter. It
indicates that parameters with small or stable gradients have larger effective
learning rates than those with big and fluctuating gradients. This step also
helps to scale down the learning rates for parameters that have large and
frequent updates. This adaptive nature of this optimizer helps to overcome
the vanishing gradient issue.

• Adaptive Moment Estimation (ADAM): This optimizer tries to assem-
ble the advantage of both the Adagrad and RMSprop optimizer and make
it one. Initially, the algorithm computes the gradient of the loss function
concerning a batch of data. This algorithm retains a moving average of both
the gradients (first moment) as well as the squares of the gradients (second
moment). subsequently, Adam changes the learning rate of each parameter
by taking the ratio of the square root of the second-moment estimate and
the first-moment estimate. Adam includes a bias adjustment phase to take
into account the initialization bias of the moving averages at the start of
training. By doing this, the proper scaling of the moving averages is guaran-
teed. Considering all these behaviors, Adam is an effective choice for deep
neural network training due to its momentum-like behavior and adjustable
learning rates.
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It is required to understand the nature of the data and the model being
trained to choose the appropriate optimizer for that scenario. Adam is a
common option in reality because of its excellent performance in a wide
range of instances. To determine which optimizer is most effective for a
certain task, it is recommended to test out a variety of them.

A.2.2.2 Backpropagation

Backpropagation also known as reverse-mode differentiation is a supervised learn-
ing technique used in neural network learning. Backpropagation starts by taking
the final loss value and proceeds to work in reverse, moving from the final layers
to the initial layers. It employs the chain rule to calculate the impact that each
parameter had on the loss value.

During the forward pass, a specified loss function, which calculates the dif-
ference between the expected and true values, is used to compare the predicted
output to the actual target values. Neural networks compute gradient descent,
an optimization process that leads the user to the maximum or minimum of a
function, using backpropagation as a learning algorithm. The gradients are trans-
mitted from the neurons of the output layer, traversing through the hidden layers
towards the neuron of the input layer. This allows neurons to make adjustments
along the way if they contributed to the generation of the error. The aim of this
process is to minimize the loss function and improve the model’s accuracy in pre-
dicting the target values. In a nutshell, backpropagation plays a crucial role in
deep learning training by enabling neural networks to learn from data through
iterative weight adjustments meant to reduce the discrepancy between expected
and actual outputs.

A.2.2.3 Batch Normalization

Normalization is a broad category of methods that seek to make different samples
seen by a machine-learning model more similar to each other, which helps the
model learn and generalize well to new data. Normalization is a process that
tries to put different input data into a neural network on a similar scale. The
purpose of this is to enhance the ability of the learning process to generalize
effectively to new data. In order to have zero mean and unit variance, it requires
normalizing the inputs of each layer in a mini-batch. During the forward pass, this
normalization is applied prior to the activation function. The popular method of
data normalization involves centering the data around 0 through the subtraction
of the mean and providing the data with a unit standard deviation by dividing it
by its standard deviation.
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When training, the mean and variance of the data can change, yet batch nor-
malization is a kind of layer that can adaptively normalize the data. The way it
functions is by internally preserving an exponential moving average of the train-
ing data’s batch-wise mean and variance. Batch normalization primarily facili-
tates gradient propagation, enabling the training of deeper networks. In certain
cases, the inclusion of multiple Batch Normalization layers becomes essential for
effectively training very deep networks. Batch Normalization offers several bene-
fits including learning stabilization, training acceleration, allowing higher learning
rates, making networks less sensitive to weight initialization etc.

A.2.2.4 Regularization

It is a common phenomenon that in any machine learning model while validated
on the validation set data, after a few epochs of iteration the performance begins
to degrade after reaching its peak. The model started to overfit on the training
data. The performance of the model depends a lot on how it balances between
optimization and generalization. Optimization is the process of refining a model
to attain the best performance possible on the training data while generalization
assesses the model’s performance on test data. While the ultimate objective is
to achieve strong generalization, but it is only achievable by adjusting the model
based on its training data. In general, at the beginning of the training process, the
model remains in underfit status which indicates the model needs more training.
At that stage, a decrease in the loss on the training data corresponds to a decrease
in the loss on the test data. However, as training progresses and a certain number
of iterations are completed, generalizations stop to improve. Validation metrics
also gradually started deteriorating after reaching their peak. This indicates that
the model is entering an overfitting stage (Refer Fig. A.3). In this phase, the
model starts learning patterns specific to the training data, but these patterns
may be misleading when applied to unseen data.

Figure A.3: Underfitting and overfitting
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One solution to the above problem is to train the model on more training data,
but if that is not available then the best solution is to prevent the model from
storing less information or add some rule to restrict it from storing what it is
allowed to store. Regularization is the approach used to address the overfitting
problem. There are a few techniques employed for regularization:

• Weight Regularization: A commonly employed strategy to address over-
fitting involves imposing constraints on a network’s complexity by compelling
the weights of the network to assume small values. There are two ways it
is implemented - a) a penalty is added to the loss function proportional to
the absolute values of the model weights known as L1 regularization and b)
adds a penalty to the loss function proportional to the square of the model
weights known as L2 regularization

• Dropout: Dropout is a technique where randomly selected neurons are
ignored during training. This helps prevent co-adaptation of neurons and
reduces overfitting. During each training iteration, a random subset of neu-
rons is ”dropped out” or set to zero, forcing the network to learn more robust
features.

Regularization methods are applied during the training phase, and their effec-
tiveness depends on the specific problem, dataset, and architecture. Choosing the
right combination of regularization techniques often involves experimentation and
tuning.

A.2.2.5 Dropout

Dropout is a regularization technique commonly used in neural networks to im-
prove model performance by removing the effect of overfitting. When a model fits
itself with the training data too well it does not perform well with new data, this is
known as overfitting. To prevent this, during training time a certain percentage of
input and hidden units are dropped from producing the output (Refer Fig. A.4).
By doing this, the model becomes more resilient and less prone to overfitting the
training data, improving generalization and reducing dependency on particular
units. This concept was first developed by Geoffrey Hinton and his students at
the University of Toronto.

Let’s consider a scenario where a specific layer, under normal circumstances,
would produce a vector [0.2, 0.5, 1.3, 0.8, 1.1] for a given input sample during
training. When dropout is applied, a few random entries in this vector become
zero, resulting in, for instance, [0, 0.5, 1.3, 0, 1.1]. The dropout rate represents
the proportion of features that are zeroed out, typically set between 0.2 and 0.5.
To allow the fact that more units are active during test time than during training,
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Figure A.4: Dropout in a network (Source: https://www.dremio.com/)

the layer’s output values are scaled down by a factor equal to the dropout rate.
Generally, no units are dropped during the testing period.

The efficiency of this strategy depends a lot on the architecture of the network
and also on the dataset used for training. So even if this is a popular strategy, it
is also required to understand the present working scenario and whether this fits
or not.

A.2.2.6 Pooling Layers

Pooling layers are a key component of convolutional neural networks (CNNs) which
are used in deep learning. They are used to minimize the width and height of the
input data while preserving the most significant information. Sometimes this layer
is used multiple times in the whole network to progressively reduce the dimension
of the feature maps. The functionality of pooling layers consists of a few steps -
a) first the input data is divided into non-overlapping regions known as windows
b) then some aggregate function like maximum or average is applied on each
window to get a single value for each window (Refer Fig. A.5) c) at last all those
values generated from the second step are combined to generate a down-sampled
representation of the input data.

Pooling layers are incorporated for several reasons. By reducing the number of
parameters these layers help to reduce the computational complexity in the sub-
sequent layers of the model. These layers extract the most significant information
from several spatial places to offer a type of translation invariance. By combining
lower-level characteristics to produce higher-level features, pooling layers help in
the creation of a hierarchical representation of the input data.
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34 87 5 22 6 43 0 12

32 67 54 8 28 77 32 94

9 11 0 73 11 29 65 1

50 26 93 33 22 0 67 66

2 x 2 pool
     size

Max pooling Average pooling

87 54 39 35

50 93 16 50

Figure A.5: Pooling operation

Pooling Layers are used in many different fields like image classification, object
detection etc. It’s important to note that while pooling layers offer several advan-
tages, the choice of pooling strategy (e.g., max pooling, average pooling) and the
degree of downsampling can impact the network’s performance.

A.2.2.7 Convolutional Layers

Convolutional Layers are a fundamental component of neural networks known as
Convolutional Neural Network (Convnet) especially when it comes to computer
vision tasks like segmentation, detecting objects, and image categorization. Ap-
plying spatial filtering operations to the input data, convolutional layers enable
the network to directly acquire significant features and patterns from the input
raw data.

Convolutional Layers operate by employing a collection of learnable filters on
the input data. Each filter conducts a convolution operation, moving across the
input data to calculate a weighted sum of the values within its filter size. This
mechanism helps the network to identify local patterns and spatial hierarchies
in the data. Furthermore, convolutional Layers frequently integrate non-linear
activation functions like ReLU to introduce non-linearity to the network.

The basic difference between convolution layers and other dense layers is that
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the former learn local patterns whereas the latter learn global patterns from the
input feature space. For this characteristic, the convents possess two special fea-
tures:

• They can learn translation invariant patterns, which means once they learn
a specific pattern anywhere in an image, they can identify the same pat-
tern elsewhere in the image. As a result, convents can learn features more
efficiently even with small no. of input datasets.

• They can learn spatial hierarchies of patterns, which means the initial con-
volution layer captures small local patterns like edges, while subsequent lay-
ers build upon these features to learn larger, more complex patterns. This
hierarchical approach enables convnets to effectively acquire progressively
intricate and abstract visual concepts.

To summarize, convolutional layers in neural networks play a crucial role in re-
taining spatial relationships, capturing hierarchical characteristics, and facilitating
effective processing of structured data, especially in computer vision tasks.

A.2.2.8 Fully-Connected Layer

Fully-connected layer is a type of layer in a neural network where each neuron
or node in the layer is connected to every neuron in the layer before it. It is
sometimes known as densely connected layer. The fully-connected layer calculates
the output as per the following logic - multiplies the input layer by the weight of
the connections between the input and the neurons, bias vector is added to the
weighted sum and finally, an activation function is applied element-wise to the
weighted sum to add non-linearity to the model (Refer Fig. A.6).

A.2.3 Deep learning for computer vision

Deep learning network has shown remarkable performance in different computer
vision-related tasks such as image classification, object detection, image segmen-
tation etc. They are made up of layers such as convolutional, pooling, and fully
linked layers. Apart from these some key concepts and techniques in deep learning
for computer vision are - Transfer Learning, Attention Mechanisms, Data Aug-
mentation etc.

Deep learning frameworks such as TensorFlow, PyTorch, and Keras provide
tools and abstractions to build, train, and deploy deep learning models for com-
puter vision tasks. The field continues to evolve rapidly, with ongoing research
and development pushing the boundaries of what is possible in computer vision
using deep learning.

76



A.2 Building blocks of Deep learning network

Figure A.6: CNN Architecture
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