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Abstract

Diabetic Retinopathy (DR) is a condition where individuals with diabetes develop a disease in

the inner wall of eye known as retina. DR is a major cause of visual impairments and early

detection can prevent vision loss. Use of automatic systems for DR diagnosis is limited due

to their lower accuracy. As an alternative, reading-centers are becoming popular in real-world

scenarios. Reading center is a facility where retinal images coming from various sources are

stored and trained personals(who might not be experts) analyze them. In this thesis we look at

techniques to increase efficiency of DR image-readers working in reading centers.

The first half of this thesis aims at identifying efficient image-reading technique which is both

fast and accurate. Towards this end we have conducted an eye-tracking study with medical

experts while they were reading images for DR diagnosis. The analysis shows that experts

employ mainly two types of reading strategies: dwelling and tracing. Dwelling strategy appears

to be accurate and faster than tracing strategy. Eye movements of all the experts are combined

in a novel way to extract an optimal image scanning strategy, which can be recommended to

image-readers for efficient diagnosis. In order to increase the efficiency further, we propose

a technique where saliency of lesions can be boosted for better visibility of lesions. This is

named as an Assistive Lesion Emphasis System(ALES) and demonstrated in the second half of

the thesis. ALES is developed as a two stage system: saliency detection and lesion emphasis.

Two biologically inspired saliency models, which mimic human visual system, are designed

using unsupervised and supervised techniques. Unsupervised saliency model is inspired from

human visual system and achieved 10% higher recall than other existing saliency models when

compared with average gazemap of 15 retinal experts. Supervised saliency model developed as

deep learning based implementation of biologically inspired saliency model proposed by Itti-

Koch(Itti, L., Koch, C. and Niebur, E., 1998) and achieves 10% to 20% higher AUC compared
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to existing saliency model when compared with manual markings. Saliency maps generated by

these models are used to boost the prominence of lesions locally. This is done using two types

of selective enhancement techniques. One technique uses multiscale fusion of saliency map with

original image and other uses spatially varying gamma correction; both increases CNR of lesions

by 30%. One saliency model and one selective-enhancement technique are clubbed together to

illustrate two complete ALESs. DR diagnosis done by analyzing ALES output using optimal

strategy should presumably be faster and accurate.
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Chapter 1

Introduction

“The whole is greater than the sum of it’s parts.”

– Aristotle

An alliance between two individuals, where each benefit from the participation of other, is called

mutualism. An example of mutualism is a symbiotic relationship where two species, who are

susceptible otherwise, form a resilient association. This thesis is based on concept of mutualism

between human reader and computerized diagnosis in a setting called reading-center.

In the past medical experts who examined patients also analyzed images. But the shortage of

highly trained experts necessitates lessening the burden of image analysis from experts. This has

given rise to new type of services called reading-centers[1]. Reading centers are facilities with

computers and large data storage. Medical images coming from various sources are collected

and stored here. These are staffed with readers and some experts. Readers, who acts as pseudo-

experts, are trained only to examine images and write reports whereas experts are medically

trained and hence can also diagnose based on evidence found in images and any available history

of a patient maintained by the facility(e.g. Doheny Image Reading Center (DIRC) [2]). Manual

image reading is a lengthy process. Hence, computerized diagnosis has been investigated in last

three decades. Modern computing power has made computerized diagnosis faster than manual

diagnosis. Yet, it has not achieved human accuracy. In this thesis we advocate a mutual design

where computerized diagnosis, rather than working independently, assists image-reader. This

is called Computer Assisted Diagnosis(CAD) and achieves best of computerized and manual

1



Introduction

diagnosis; it is fast as well as accurate. Hence, as the Aristotle said, “The whole is greater than

the sum of it’s parts.”

Reading center like settings play an important role in screening and triage. Since early detection

is preferred in effective disease management, clinical screening is aimed at identifying individuals

who may be at risk of developing a disease. Breast cancer screening for women in the age group

of 45-54 years is one such example [3]. In resource-constrained settings, screening is done in

camps by a field team and the images are brought/transmitted to reading centers for experts

to analyze and recommend further in-depth examination at a base hospital [4]. Triage on the

other hand is a practice followed by clinics to prioritize patients for experts’ attention. A trained

practitioner orders preliminary tests, a reader (semi-expert) analyzes the images and the report

is used to decide the priority of a patient. This practice helps to make the work-flow efficient

and speed up the diagnostic process. Acute stroke triage is an example of this [5].

This thesis looks at a disease called diabetic retinopathy(DR) and aims to develop diagnostic

strategy and assistive tools for DR image readers. The proposed solutions can be employed in

reading centers to increase throughput of DR screening.

1.1 Diagnosis of Diabetic Retinopathy

Diabetic Retinopathy (DR) is a condition where individuals with diabetes develop a disease in

retina. Individuals in the age group of 20 to 74 years and with Type-I and Type-II diabetes have

higher risk of developing DR [6]. By 2014, approximately 422 million people in whole world

live with diabetes [7], out of which 1/3 people have DR. India alone has 99 million people with

diabetes, out of which 1/4 people have DR; which amounts to nearly 25 million DR patients [8].

Diabetic retinopathy, if left untreated, causes visual impairments and in some cases permanent

blindness. Diabetic retinopathy along with age-related macular degeneration(a type of DR) is

cause of 2% cases of visual impairment and permanent blindness (see Figure 1.1).

Early detection of DR can prevent vision loss. Hence, many countries have started DR screening.

Early Treatment of Diabetic Retinopathy Study(ETDRS)[9] started by U.S. government is one

such example. DR screening is implemented by arranging camps at remote sites or at local

2
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Figure 1.1: Relative contribution of diseases in causing (right) blindness and (left) visual im-
pairment [source:WHO].

hospitals(e.g. Diabetic RetinaScreen [10]). Screening camps invite adults who are at a risk of

developing DR. Trained practitioner at the camp performs dilated eye test on the patients. This

involves dilation of pupil and capturing a photograph of retina using non-invasive fundus camera,

either table mounted or hand-held. A fundus photograph of normal retina is shown in Figure 1.2.

Abnormal Retina has lesions called hemorrhage and hard exudate; hemorrhage is blood leakage

and appears as dark lesion, hard exudate is lipid leakage and appears as bright lesion (see Figure

1.3, right most image). Images captured at camps are brought to reading-centers where readers

analyze these images and recommends appropriate consultation. For timely detection and care,

it is very important that reading centers have high throughput. This is done by developing

efficient diagnostic strategy and assistive tools for DR image readers.

1.2 Diagnostic Strategy

Increasing throughput of reading center is possible if readers have efficient (i.e. fast) and accurate

diagnosis process. This is done by training readers to read images like experts. But, the

relationship between accuracy of diagnosis and expertise has been observed to be very complex

[11]. This indicates that accuracy of diagnosis depends on multiple aspects opposed to just

one, namely expertise. Understanding of these aspects is long overdue. In the first half of this

3
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Figure 1.2: Color fundus photograph. (right) retina of right eye (left) retina of left eye.

thesis, we aim at examining the best practices and strategies used for DR diagnosis from fundus

images. We examine the role of expertise in the diagnosis process and seek to understand its

manifestation if any, at both conscious and subconscious levels. We also aim to develop an

optimal strategy which can be used by fundus readers for efficient diagnosis.

Contributions

An eye tracking study has been conducted while various practitioners were diagnosing DR

from fundus images. Eye movements are later analyzed to understand the strategies used for

diagnosis. Major contributions of this work are as follows.

• Eye-tracking study. A large scale eye tracking study has been conducted with 56 partici-

pants; out of which 44 subjects were medical experts coming from 6 different hospitals and

remaining 12 subjects were engineering students from our institute who served as novices.

Collected eye-tracking data can be used for analyzing diagnosis process.

• Understanding of diagnostic strategy. Eye movements are analyzed to understand the

diagnostic strategies. We have designed new metric called coefficient of scanning(CS).

Based on CS, strategies used by various practitioners are categorized into: dwelling and

tracing. It is found that dwelling leads to faster and more accurate diagnosis than tracing.

4
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• Optimal scanning strategy. Gaze patterns of retinal experts are quantized into nine retinal

zones as suggested by ETDRS [12] and combined using transition matrix. An optimal

scanning strategy is extracted from above analysis. Optimal strategy recommends readers

weightage and sequence in which nine retinal zones should be scanned for fast and accurate

diagnosis.

1.3 Assistive Tools

Image reading is a tedious task yet requires precision as it is critical to diagnosis. Fatigue or

inattention causes readers to miss inconspicuous/subtle lesions leading to under-reporting and

incorrect diagnosis. As a solution, computerized diagnosis methods are developed. But due

to various challenges in automatic image analysis, like artifacts and nonuniform illumination

(see Figure 1.3), accuracy of these methods is low; which is not acceptable. Computer Assisted

Diagnostic (CAD) tools aim at addressing this problem. CAD tools draw readers’ attention to

abnormal regions typically by displaying augmented circles/markers on the abnormal regions

[13]. Augmentation based assistance can potentially clutter an image especially when abnor-

malities are present in abundance and when different types of abnormalities are also proximal

in the image. We propose an alternate solution to draw a reader’s attention by emphasizing

abnormalities locally and making them more prominent while leaving the background tissue un-

altered. This is motivated by the fact that the visual system draws attention to salient locations

characterized by distinctive features like color and orientation [14, 15]. Boosting the contrast of

such salient locations has been shown (in the case of natural scenes) to attract one’s attention

[16, 17, 18]. Lesion-emphasis is both computationally efficient and clutterless. In the second

half of this thesis, we take this alternate reader-centric approach and propose a novel CAD,

which employs saliency of a region to determine the amount of its emphasis.

Contributions

We developed an ‘Assistive Lesion Emphasis System(ALES)’ for better visibility of abnormali-

ties. ALES has two stages, saliency computation and lesion-emphasis. First stage is more import

5
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Figure 1.3: From left to right: Retinal image with DR lesions, dark artifacts, bright artifacts
and varying illumination.

as accuracy of ALES depends on saliency. Two designs of ALES have been demonstrated here,

one with unsupervised and other with supervised saliency models. Both ALESs have different

and interchangeable lesion-emphasis stages.

• ALES-design:1

– Unsupervised saliency model (ALES1). This is inspired from human visual system.

Spatially-varying erosion and dilation(SED) operations are used to mimic Gaussian-

shaped human fixation. Retinal Ganglion cells are mimicked using center-surround

filters. Spatio-topic fusion is done by nonlinear combination of mean and variance

maps.

– Lesion emphasis (ALES1). Saliency maps generated by above model is fused with

original image at multiple scales. This enhances lesions locally. Fusion is governed

by a mixing parameter. A reader can change value of mixing parameter interactively

to control the degree of enhancement.

• ALES-design:2

– Supervised saliency model (ALES2). This is a deep neural network based imple-

mentation of an existing, biologically inspired saliency model by Itti and Koch [15].

Neural network fine-tunes standard filters for DR lesions and also learns new filters.

Training of this network is done using novel loss function, custom-designed to handle

range mismatch problem between output saliency and ground-truth.

– Lesion emphasis (ALES2). Gamma correction, with constant value of gamma, en-

hances image globally by stretching dynamic range of intensity values. Spatially-

varying gamma correction is achieved by defining parameter gamma as a function

6
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of saliency. This modifies dynamic range of local intensities, resulting into selective

enhancement of salient regions.

1.4 Organization of Thesis

Remaining thesis is organized as follows. Chapter 2 describes eye-tracking study and related

analysis. Chapter 3 and 4 discuss ALES with unsupervised and supervised techniques respec-

tively. Conclusions are presented in Chapter 5.
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Chapter 2

Optimal Search Strategy for Readers

An Eye Tracking Study

“Now, the value of an idea has nothing whatsoever to do with the sincerity of

the man who expresses it. Indeed, the probabilities are that the more

insincere the man is, the more purely intellectual will the idea be, as in that

case it will not be coloured by either his wants, his desires, or his prejudices.”
– Oscar Wilde

A popular health care initiative to address DR has been screening via a physical eye examination.

Images captured at screening sites are sent to reading centres where trained readers scrutinize

them and give preliminary diagnosis. This forms the basis for referral to retina experts for more

comprehensive physical eye exam. In order to increase reach of DR screening and scaling up the

number of people who can be screened, readers at reading-centers should be acquainted with

efficient image reading technique. In this chapter we aim to examine the role of expertise in DR

diagnosis process from the fundus image. Further, we also aim to evaluate the best practices

and strategies used for DR diagnosis from fundus image. At the end we extract an optimal

search strategy which can be recommended to readers for efficient diagnosis.

Background

Eye-tracking is a popular technique which is used extensively to investigate visual perception in

a range of tasks. Given that both 2D and 3D images are used in diagnosis, eye tracking studies
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aimed at understanding medical image perception have been reported on CT images [19, 20, 21],

X-ray [22, 23], microscopy [24, 25, 26] and mammography [27, 28]. Visual perception of fundus

images has not been investigated and to the best of our knowledge, this is the first attempt to

investigate visual search for DR lesions in fundus images.

In medical image perception specifically screening process, eye-tracking enables us to evaluate

the conscious and subconscious aspects of perception. Conscious aspect can be understood as

what and where to look. This involves domain knowledge, which directs the search for specific

abnormalities in the specific location(s) while ignoring other normal anatomical structures. Sub-

conscious aspect is understood as how to look. This involves the gaze pattern, dwelling and time

delay which are difficult to teach or learn. Given the importance of evaluation of eye-movement

in the diagnostic process, the current study examined this conscious and subconscious aspects

during screening of diabetic retinopathy.

Retinal anatomy consists of three major structures: Optic Disk, vessel network, and mac-

ula/fovea. First two are irrelevant for DR detection and is ignored by practitioners with a short

training. The macula is responsible for color vision with high acuity and hence is of specific

clinical interest. The location of lesions relative to macula represents severity of the disease

and this knowledge is gained only from medical training. Given the vital role of knowledge in

identifying the possible location and related diagnostic value, it becomes necessary to evaluate

the search strategies as a function of knowledge in DR.

2.1 Eye Tracking Experiment

Stimuli Images

A dataset of 145 abnormal and 50 normal fundus images was obtained from LV Prasad Eye

Insitute, Hyderabad [29]. A balanced (normal cases:abnormal cases ∼ 1) subset of 40 images

was selected by senior retina consultant from this dataset.
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Participants

In order to maintain diversity in the participants, retina experts were invited from 5 different eye

hospitals 1. A total of 44 retina experts accepted the invitation and participated in the study.

Retina experts were classified into 3 categories, namely, consultants, fellows and residents or

optometrist (see Table 2.1). 12 engineering students from our home institute were also included

to fulfill the role of novices. They were given a short training with 10 example fundus images.

Level of expertise Number of
participants

Range of
experience (years)

Consultant 13 7-18
Fellow 17 3-7
Resident/Optometrist 14 1-12
Novices 12 0

Table 2.1: Description of Participants.

Material

Experiments were carried out in dark room with constant environment condition. Tobii X2-30

eye tracker (sampling rate 30Hz) with a 15.6” display screen were used. Stimuli (images) were

down-scaled to fit the display size. An image classification tool was developed in MATLAB 8.2

(see Figure 2.1) and a small tutorial was given to all participants to ensure easy usage of the

software.

Experiment Design

The instruction given to all participants is shown in Figure 2.2. Eye tracking was conducted

during each trial with prior consent from all the participants. A 5-point calibration was per-

formed at an interval of 5 images. The response time, response category and eye position (x, y)

with timestamp were stored for each trial. The session lasted for approximately 20 minutes. Eye

positions were classified into fixation, saccade, and glissade using adaptive algorithm proposed

1LV Prasad Eye Insititute, Hyderabad [29]; Narayana Nethralaya, Bangalore [30]; Neoretina Eyecare Institute,
Hyderabad [31]; Anand Eye Institute, Hyderabad [32]; Medivision Eye Care Centre, Hyderabad [33], Centre for
Sight [34], Hyderabad
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Figure 2.1: Example display from the software tool developed for the experiment.

You will be shown a retinal image on the screen.

Your task is to decide whether the image is normal or abnormal as fast as possible.

The images are deemed to be abnormal if they have hard exudates and/or hemorrhages and/or
cotton wool spots.

You are requested to report your decision by pressing the corresponding buttons: Normal or
Abnormal for a particular image.

Figure 2.2: Instructions given to participants.

by [35]. Eye positions classified as glissade were removed from the data and the remaining data

were registered to actual image size (in pixels).

2.2 Definitions

Lets begin with definitions of some quantities used for analysis of eye tracking data.

Total track length. The Euclidean distance between two consecutive fixations is defined as

track length in pixel unit. The sum of all the track lengths for an image j for an ith participant

is the total track length lij . lij depends on the subjective behavior of the participant as well as
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Figure 2.3: Total track length for sample images. Lesion locations are (a)-(b) Gaze-tracks for
two di�erent subjects for an image with a lesion (marked with green circles) in the periphery.
(c) Gaze-track for an image with more centrally located lesion.

the location of the lesion in the image. Figure 2.3 illustrates these points. Figure 2.3 (a)-(b)

show tracks for 2 subjects on one image. It is evident that one subject takes a very long route

whereas other takes direct route to the lesion location indicated by a green circle. Assuming

that the visual search starts from the center, image with lesion(s) in the peripheral region will

have largerl i;j than an image with lesion(s) at the center. This is evident from Figure 2.3(b)-(c).

Standardized track length. The e�ect of location of lesion on l ij has to be nulli�ed in order

to capture inter-subject variability. The normalized track length is de�ned as standardized track

length and computed as follows.

Standardized track length (L ) =
l ijP
i l ij

(2.1)

L is ratio of total track length and sum of total track length, hence is unitless quantity. It takes

values between 0 and 1.

Total dwell duration. The time spent on each �xation is de�ned as dwell duration which is

in micro-seconds. The sum of dwell duration for each �xation (including revisits) is considered

as total dwell duration. Total dwell duration of i th participant for j th image is denoted asdij .

dij also depends on the subjective behavior of the participant and the conspicuity of lesions

in the image. Figure2.4 illustrates this point. Figure2.4(a)-(b) shows that dwell pattern of

two di�erent subjects where one subject has fewer �xations than the other and hence lower

total dwell duration. Figure2.4(b)-(c) on the other hand illustrates the dependency ofd on

conspicuity. Here, an image with subtle lesions is seen to lead to longer dwell duration per

�xation in a subject than an image with prominent lesions.
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