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Abstract

Successful computer aided diagnosis of ocular diseases is normally dependent on the

accurate detection of components such as blood vessels, optic disk, fovea and microa-

neurysms. The properties of these components can be indicative of the presence and/or

severity of pathology. Since most prevalent forms of ocular diseases emanate from vas-

cular disorders, it is expected that accurate detection of blood vessels is essential for

ocular diagnosis.

In this research work, we investigate several opportunities for improvement of retinal

blood vessel segmentation with the hope that they will ultimately lead to improvement

in the diagnosis of vascular related ocular diseases. We complement existing work in

this domain by introducing new Gabor filter features and selecting the most effective of

these using Random Forests feature selection. The actual segmentation of blood vessels

is then done using an improved automatic thresholding scheme based on the preferred

Gabor feature.

We propose Random Forest (RF) feature ranking algorithms that demonstrate reliable

feature set partitions over several University of California, Irvine (UCI) datasets. To cir-

cumvent instances of unreliable rankings, we also propose feature rank and RF strength

correlation as an alternative indicator. Of the four proposed Gabor features, the max-

imum magnitude response is confirmed as the most effective, as is the general trend

in previous literature. The proposed Selective Valley Emphasis thresholding technique

achieves identical segmentation results to the legacy approach while improving on com-

putational efficiency. Sensitivity and specificity outcomes of up to 76.8% and 97.9% as

well as 78.8% and 97.8% are achieved on the DRIVE and STARE datasets, respectively.
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Chapter 1

General Introduction

1.1 Introduction

One of the long term effects of the physiological processes of diabetes is the deterioration

of retinal blood vessels, leading to possible loss of eye sight [1]. This condition is known

as diabetic retinopathy and is currently the leading cause of blindness in the working

class globally [2]. Although early laser treatment of damaged ocular blood vessels can

be effective, delayed therapy may have side effects such as abnormal vascular tissue

sprouting and scar tissue formation on the retina [3]. The presence of abnormal compo-

nents on the retina may cause it to malfunction or detach from its membrane leading to

compromised vision [4]. It is essential to have an effective means of early diagnosis of

diabetic retinopathy, since the early stages of the disease are asymptomatic and its long

term effects are potentially irreversible [5].

Although retinal structures are minute, modern digital imaging systems offer very high

resolutions, yielding in vivo retinal surface snapshots that are adequate for clinical anal-

ysis. During manual clinical analysis, each of these images is compared against healthy

and pathological retinal specimen by several experts for quality assurance purposes. Di-

agnosis is essentially achieved through a process of matching instances or portions of

retinal images to previously encountered cases. Besides being subjective, this approach

is prone to slow processing, inconsistency and human error.

There has been a recent concerted effort towards automating this process through the

use of image processing and pattern recognition techniques in order to overcome these

challenges. A digital approach towards retinal diagnosis involves multiple steps such as

image enhancement, registration, segmentation and diagnostic classification. This study

focuses on retinal image enhancement and segmentation sub-tasks. We particularly focus

1



Chapter 1. General Introduction 2

on retinal blood vessels as they are an essential indicator of the presence or onset of ocular

disease. This work touches on a wide range of topics that may ultimately affect quality

of blood vessel segmentation. After establishing the trends in previous literature, we

propose new features for vessel enhancement and scrutinise existing ones. We not only

focus on the effectiveness of methods but also propose ways of improving their efficiency.

1.2 Motivation

1.2.1 General Motivation for the Study

From its recent studies, the International Diabetics Federation (IDF) reports the follow-

ing statistics about diabetes: out of every two people with diabetes, one does not know

they have it; there are currently 387 million people living with diabetes; and an increase

of over 205 million is expected by the year 20351. These and other similar findings have

motivated several countries to embark on national treatment and research initiatives to

reduce the prevalence of diabetes and its related illnesses. Diabetic Retinopathy (DR)

is caused by diabetes and is the primary cause of blindness in America and India [6].

The Aravind Eye Hospital2 in India offers a good example of the challenges experienced

during large scale DR screening programmes. It is one of the largest eye care facilities

in the world that has embarked on a public initiative to detect diabetic retinopathy at

an early stage. This task has proven to be extremely laborious in a setting where less

than 15 doctors are responsible for manually diagnosing diabetic retinopathy in over 2

million retinal images per year [6]. Given that the majority of the screened patients show

no signs of diabetic retinopathy, the initiative can be considered as counter productive

since resources are mainly being used to confirm the absence of the illness as opposed

to treating the confirmed cases. The automation of this diagnosis could greatly ease the

pressure on the limited ophthalmologic experts and increase the efficiency of screening

programmes.

In its 2011 bulletin [7], the World Health Organization (WHO) reports that 36 million

lives are lost each year globally due to Non Communicable Diseases (NCDs) and encour-

ages the identification of cost-effective interventions for the reduction of morbidity and

mortality [5]. The need for interventions is pronounced in developing countries as they

have to strike a balance between huge social grant responsibilities and infrastructure in-

vestment. Although South Africa is a developing country, it has a well established social

grant system that currently has over 16 million beneficiaries [8] and a budget of over

1http://www.idf.org/worlddiabetesday/toolkit/gp/facts-figures
2http://www.aravind.org/



Chapter 1. General Introduction 3

R259 billion [9]. These grants include a disability grant which is offered to individuals

that are unable to derive a sustainable income due to circumstances such as ill-health

and disability.

In a recent study, Khan et al. [5] provide evidence for the cost effectiveness of a na-

tional screening programme for diabetic retinopathy in South Africa. They calculate

the Incremental Cost-Effectiveness Ratio (ICER) for diabetic retinopathy in 2013 as

R10,500 per year for every case of blindness that could be averted. This is less than

the 2013 annual disability grant of R12,1203. They also argue that if all cases of dia-

betic retinopathy related blindness were successfully screened and treated, 18,590 Years

Lost due to Disability (YLD) [10] would be saved in South Africa. All these forecasts

are based on a programme in which diabetic retinopathy is manually detected through

non-mydriatic fundus photography; we postulate that greater savings in costs and time

would be realised through automated screening.

Since blood vessels are one of the prominent landmarks of human retinal images, they

play an important role in the diagnosis and clinical management of ocular diseases in

general. In order to detect any deterioration of the retina or assess the progression of

previously identified disorders, a longitudinal analysis of retinal images from the same

patient is required. Image registration [11] attempts to align images captured from the

same retina, at different times under different camera settings. The accuracy of such

alignment initiatives relies on effective landmark identification. For example, a lesion

which exists at a particular location relative to a prominent blood vessel, can easily

be monitored if it is correctly located at subsequent clinical examinations. Retinal

image registration can also assist with detecting anomalies such as the onset of vessel

proliferation, which is an indication of advanced DR. In addition, retinal blood vessel

segmentation can assist with the calculation of vascular properties such as diameter,

texture, branch factor and tortosity which are important indicators of DR [12, 13]. In

summary, segmentation of retinal blood vessels is an important precursor to effective

diagnosis of DR and other ocular diseases. It is therefore essential to improve its accuracy

in order to ensure reliability of tasks such as vessel detection and characterization, which

are used in automated diagnosis.

1.2.2 Motivation for Adopted Approach

It is evident from the numerous previous studies that endeavour to automatically seg-

ment retinal images and/or diagnose diabetic retinopathy [4, 14, 15], that computer

algorithms are yet to achieve the levels of accuracy exhibited by medical experts. A

3The current annual disability grant is R20,340 [9].
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recent review [16] of modern developments in retinal image analysis, noted that future

work needs to focus on image processing techniques as they have a direct bearing on

relevant clinical information within the images. The effectiveness of Gaussian based

filters is highlighted, with techniques such as Gabor wavelets [17] achieving accuracies

of up to 94.7% on the DRIVE dataset.

While many other studies have explored automatic segmentation of retinal images with

reasonable success and enlightening findings, this does not preclude the need for further

investigation. Given the critical nature of medical diagnostics, it is imperative that more

research be conducted to find new and more effective ways of improving the accuracy of

present initiatives. Medical imaging is a vast field of science that draws expertise from

domains such as image processing, Artificial Intelligence (AI), data mining, engineering

and medicine. This means that its improvement can be achieved from various angles.

This study proposes a unique multi-step approach towards retinal image segmentation,

that incorporates techniques such as Gabor filters, Random Forests (RFs) and automatic

thresholding. An effort is made to either improve or maximize the potential of each of

these techniques, before aggregating them. Hence, this study is not only relevant to

the field of retinal image segmentation but it also contributes to image processing and

machine learning in general. For example, our improvements on RF algorithm are not

specific to retinal image segmentation but may well be applied to other fields seeking

improved ensemble classification. Although some of these techniques may have been used

separately in previous retinal image segmentation studies, it is envisaged that improving

and combining them will ultimately yield an overall improved segmentation result.

1.3 Problem Statement

The typical sequence of steps towards fundus image segmentation includes image pre-

processing, feature extraction and ultimately pixel categorization [15]. These processes

operate at various levels of abstraction and subsequent processes are dependent on the

output of the preceding ones. Therefore, the accuracy at each level is essential for the

formulation of a reliable final classification. The accurate segmentation of vascular tissue

in retinal images remains a challenging and unsolved problem due to the complex dis-

tribution of pixel intensities and potential existence of pathological landmarks in these

images [12].

In this thesis, we focus on the problem of how to maximize Gabor filters for effective

and efficient automatic retinal blood vessel segmentation. Gabor filters are capable of

producing multiple responses and it is possible that combining these responses in new
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ways could lead to more effective features. Improving the efficiency of Gabor filtering,

feature selection and automatic thresholding methods may lead to a compromise in

effectiveness due to the loss of vital information. On the other hand, a reduction in

redundancy could produce more focused methods that yield improved effectiveness.

1.4 Thesis Objectives

The main aim of this study is to improve the segmentation of retinal blood vessels

through the fusion of Gabor filters, RFs feature selection and automatic thresholding

techniques. The specific objectives that will be pursued are as follows:

� To formulate efficient and reliable RF feature selection.

� To maximize the use of Gabor filter banks in retinal image segmentation.

� To improve the efficiency and effectiveness of Valley Emphasis automatic thresh-

olding.

The fulfillment of these objectives is guided by experimental tests based on the following

research questions:

� Does the use of purity gap gain and relative variable importance in RF induction

yield an efficient and reliable feature selection mechanism?

� Do RF feature selection statistics confirm the superior discriminative ability of

Gabor maximum response when compared with the proposed secondary features

in the context of retinal images?

� How does the efficiency and effectiveness of the legacy Valley Emphasis method

compare against its proposed variants in the context of retinal blood vessel seg-

mentation?

1.5 Contributions of the Thesis

This section outlines the originality in our research and how this thesis makes a dis-

tinct contribution to the knowledge and understanding of the subject of retinal image

segmentation. The major contributions of our approach towards retinal image blood

vessel segmentation include formulation of new techniques and applying existing ones

in new ways, for improved performance and/or understanding. We proceed to elaborate

on each of these contributions.
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1.5.1 Random Forest Feature Selection

Although legacy RFs [18] have been recommended as a viable feature selection strategy,

their drawbacks in this context include penalizing correlated variables and a bias of their

gini importance score towards multi-valued variables [19]. In this study we propose a

new metric called the purity gap gain score, as an efficient alternative to the gini variable

importance measure. In addition, we employ the concept of relative variable importance

as a means of reducing bias towards multi-valued features.

1.5.2 Maximizing Gabor Features

The traditional application of Gabor filters [20] for image enhancement selects the max-

imum response from a filter bank whose members differ in terms of properties like ori-

entation and wavelength. Although this enhanced image is generally easier to segment,

it is worth pondering whether there may be benefit in aggregating several responses

from a filter bank. In the traditional approach, only the maximum response is used for

further image processing, while other responses are discarded. We firstly introduce new

features such as response convexity and the orthogonal to maximum response, for use

in the context of retinal image enhancement. We subsequently apply our RF feature

selection scheme which confirms maximum response as the most effective feature out of

the proposed small set of Gabor features, for later use in automatic thresholding.

1.5.3 Valley Emphasis Thresholding Adaptation

Although the Valley Emphasis Thresholding (VET) method [21] has proven to be an

effective thresholding technique in industrial fault detection, its application to retinal

image segmentation remains largely unexplored. We review some of the contemporary

adaptations to VET and propose hybrid alternatives which are essentially adaptations

from some of these methods. We identify some redundancy in the VET method, which

is successfully reduced in our selective approach.

1.6 Thesis Outline

The remainder of this thesis is organised as follows. Chapter 2 presents the background

on the human retina and Chapter 3 reviews the state-of-the-art in retinal image seg-

mentation. Chapter 4 investigates the problem of applying RFs to feature selection. In

Chapter 5, Gabor filter enhancement features and algorithms are designed, implemented
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and the most effective feature is selected based on discriminative ability in retinal im-

ages. Chapter 6 reviews existing adaptations of the VET method, explores a hybrid

alternative and presents the ultimate task of retinal image segmentation. Chapter 7

draws conclusions from this study and proposes possible areas for extending this work.



Chapter 2

The Human Retina

2.1 Introduction

Although Computer-Aided Diagnosis (CAD) based on medical images has been explored

in various contexts such as dermatology [22], hepatology [23] and psychiatry [24], its ap-

plication to ophthalmology [25, 26] has gained prominence due to its non-invasive and

reliable image acquisition. Analysis of ocular images is not only useful for the diagno-

sis of eye disorders like cataracts and glaucoma but also conditions such as diabetics,

cardiovascular disease, HIV and cancer [27] which may occur elsewhere in the body.

Some of these conditions present with manifestations in the eye that signal the onset or

presence of a secondary disorder. At times, these conditions are asymptomatic and can

only be reliably diagnosed after examination by a specialist. This attests to the ancient

proverb: “the eyes are the windows to the soul” and it is one of the reasons why regular

visits to eye specialists for check-ups are encouraged.

This chapter presents a background on the human retina, which illustrates its detailed

anatomy, complex physiology and associated disorders.

2.2 Retinal Anatomy

One of the earliest recorded studies of the human eye was by Aristotle, a Greek scien-

tist from approximately 400BC [28]. He postulated that objects adjust the air around

them and this alteration is propagated through the air to the eye, enabling vision [29].

Although studies of the eye in the past were limited due to the inability to inspect its

anatomy at microscopic level, to date, the behaviour of ocular components can be re-

searched owing to sophisticated imaging and surgical instruments. As new discoveries on

8
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the anatomy of the eye continue to be made, prospects for more effective eye treatment

increase [30].

Figure 2.1 shows a typical cross sectional view of the human eye and retina which

shows numerous components which play a role in facilitating vision. The path travelled

by light through the eye intersects with the cornea, aqueous humor, lens and vitreous

humor before it reaches the retina [31]. The cornea and lens play the leading role in the

refraction of light so that it converges onto the retina [32]. This effort is complimented

by the medium in the aqueous and vitreous humor which also serves to focus light onto

the retina, albeit to a lesser extent [33]. The iris adjusts the diameter of the pupil

depending on the intensity of incident light such that it dilates in conditions of low light

and constricts when exposed to abundant light [34]. The portion of the lens that is

adjacent to the pupil is either thickened or stretched by the cilliary muscles depending

on the proximity of the object of interest. Since the fovea is responsible for central

vision, light from an object of interest needs to be focused on to it to enable detailed

vision.

The retina derives its name from the latin word for ’net’ which is befitting as its primary

role is to absorb light and convert it into biochemical signals of visual information [34].

Vertebrate retinas are made up of 3 layers of neural cells which are joined by 2 synaptic

layers: the outer and inner plexiform layers [36]. The outer nuclear layer contains

photoreceptor cells which are responsible for grey scale night vision and full colour day

light vision respectively [34]. The outermost boundary of the retina is an epithelium layer

which contains melanin pigment in order to absorb excess light that is not captured

by the photoreceptor cells [32]. The inner nuclear layer contains bipolar cells which

propagate vertical signal transmission; and lateral neurons: horizontal and amacrine

cells, which create links between vertical neurons resulting in increased perception of

contrast [34]. The innermost part of the retina is made up of ganglion cells that relay

visual stimulation to the brain using their axons via the optic nerve [32]. Blood vessels

that enter the eye through the optic disk perforate the retina so as to nourish its inner

layers [36]. These vessels are however absent in the fovea, which is a depression in the

central part of the retina containing the highest density of cone photoreceptors so as to

facilitate central vision [36].

Modern retinal examination is usually conducted through a digital fundus cameras and

computer equipment that are typically set up as shown in Figure 2.2. The connection of

the camera to a computer enables scalable storage, analysis and transmission of captured

retinal images. A more advanced utilization of this equipment is for CAD, which can

facilitate automated diagnosis of ocular diseases [4]. Although fully automated CAD

systems for ocular diseases have not yet been realised [4], there are several existing
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Figure 2.1: The anatomy of the human eye and retina [32]

semi-automated initiatives such as the ATLANTIA and AVATA laboratories run by

IMED [37] in Singapore which focus on pathology detection and visual acuity assessment

respectively.

In some cases digital fundus cameras have the advantage of capability to operate in

a non-mydriatic setting in which eye examination is carried out without the need for

medically induced pupil dilation [38]. Since pupil dilation takes time to induce and wear

off, medical practitioners and patients may prefer non-mydriatic examinations which

require less time to complete. Research has also shown non-mydriatic digital fundus

photography to have higher inter-examination agreement among ophthalmologists and to

require less training time for effective use when compared with other alternatives such as
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Figure 2.2: Retina examination through using a fundus camera [35]

ophthalmoscopy [39]. Digital fundus cameras however have the disadvantage of limited

mobility, given their bulkiness. This makes it difficult to use them on patients that are

too ill to sit in front of the camera [39]. Current efforts aim to mitigate this challenge

through mobile phone based fundus photography [40, 41]. Although this avenue has a

lot of potential for clinical diagnosis and self assessment, its current limitation is the

processing power and pixel resolution of mobile devices.

2.3 Diabetic Retinopathy

This section elaborates on the Diabetic Retinopathy (DR) disorder by outlining its

systemic factors, pathophysiological processes, symptoms, diagnosis and treatment.

2.3.1 Diabetes Mellitus

DR is a retinal blood vessel disorder that is considered to be the most common complica-

tion of Diabetes mellitus [42]. Diabetic mellitus is a general term referring to metabolic
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diseases that occur as a result of inadequate insulin secretion and/or diminished tissue

response to insulin [43]. Since insulin is responsible for the metabolism of carbohy-

drates, fat and proteins, its deficient action results in excess glocuse levels in the blood,

a condition known as hyperglycemia that leads to vascular degeneration [44].

There are two types of diabetes: Type 1 and Type 2 which typically manifest in child-

hood and adulthood years respectively. Type 1 diabetes (also known as juvenile-onset

diabetes) is mainly caused by a hereditary autoimmune destruction of β cells of the pan-

creas which are responsible for insulin production [43]. Type 2 diabetes (also known as

adult-onset diabetes) is caused by a combination of reduced tissue sensitivity to insulin

action and insufficient compensatory insulin secretion [43]. Type 2 diabetes accounts

for approximately 90% diabetes cases world wide and its prevalence is on the rise due

to modern day factors such as increasing obesity, sedentary life styles and poor diet

[42]. The long term effects of hyperglycemia of diabetes include damage of blood vessels

leading to the dysfunction of various vital organs such as the eyes, kidneys and heart

[43].

2.3.2 Pathology of Diabetic Retinopathy

Due to the intricate anatomy of the retina, DR is the most common microvascular

complication of diabetes induced hyperglycemia [42]. Previous medical research shows

that persistent high blood glucose levels lead to the interrelated processes of oxidative

stress, vascular permeability and inflammation within the retina [1, 45, 46]. Oxidative

stress refers to the body’s inability to detoxify reactive molecules that contain oxygen

leading to cell component damage [47]. The intra-retinal microvasculature forms part

of the Blood Retinal Barrier (BRB) which consists of tightly joined cells that prevent

certain substances from entering retinal tissue [42]. Vascular permeability occurs when

there is a leakage of macromolecules into retinal tissue as a result of a compromise in

the BRB [48]. This permeability also renders white blood cells unrestricted to enter

surrounding tissue and activate hormones called prostaglandins to create blood clots in

an attempt to heal any damaged tissue [49]. Inflammation apparently occurs as a re-

sult of neurovascular dysfunction [42] that yields aberrant cytokines which are normally

responsible for cell signalling [50]. In this abnormal state cytokines interfere with the in-

sulin signalling mechanism causing insulin resistance and spiked blood sugar [49]. These

heightened sugar levels in turn trigger white blood cells to attack, causing inflammation

trademarks such as increased blood flow, capillary permeability and swelling [51].

It can be inferred that DR is essentially a condition characterized by improper function of

the retina either as a direct result of hyperglycemia symptoms or the retina’s attempts
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to mediate them [1, 52]. From an optical perspective, opaque products from retinal

capillary leakage and subsequent neovascularization lead to impaired vision due to light

obstruction [1]. From a cellular standpoint, fluid accummulation within the retina may

alter action potentials required for the transmission of visual signals to the brain and

alter neuronal metabolism leading to improper neurotransmission [1, 53, 54]. Moreover

it is apparent how hyperglycemia leads to a chronic vicious cycle in which retinal tissue

self destructs presenting symptoms such as blood clots and damaged vasculature that

are characteristic of DR [42].

2.3.3 Symptoms of Diabetic Retinopathy

The diagnosis of DR is traditionally done with the aid of a process known as fluorescence

angiography that requires a patient to be injected with a dye called fluorescein [55]. The

desired effect of this dye is to ultimately cause blood vessels and associated lesions in

the retina to have high contrast for easier visual analysis. The typical manifestations

that characterize DR are as follows:

� red lesions - range in size from small microaneurysms, to moderate dot haemor-

rhages, and larger blot haemorrhages [15]. A lesion is defined as a circumscribed

area of tissue that is altered due to pathology or injury [56]. Diabetic retinal

microaneurysms are saccular dilations in capillaries caused by factors such as lo-

calized weakening of capillary walls and fat deposition [57]. The continued pro-

gression of microaneurysms and vascular degeneration eventually leads to blood

vessel occlusion (blockage) and haemorrhage (bleeding) [58].

� whitish lesions - include lipid exudates (also known as hard exudates) and cotton

wool spots (also known as soft exudates) [15]. An exudate is defined as a fluid

released from the body due to pathological processes and containing high levels of

protein, cells or tissues [56]. Hard exudates are yellowish, well defined granules that

are formed by leakage of fluid from blood vessels and by products of inflammatory

edema (swelling) [59]. Soft exudates are cloud-like formations from nerve fibre fluid

leakage in the retina [42]; they occur mainly when diabetes mellitus is complicated

by arterial hypertension [60]. The leakage of nerve fibre fluid in the retina is caused

by ischaemia: a pathological condition occurring due to inadequate blood flow to

tissue resulting in failure to meet cellular energy demands [61]. Ischemia deprives

the affected tissue of oxygen, metabolic substrates, and removal of waste products;

ultimately inducing injury to the tissue [61].

� proliferative vascularization - includes neovasculization which occurs when the

body attempts to circumvent damaged vascular tissue by forming fragile and leaky
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Figure 2.3: Normal Retina (left) and Typical DR Manifestations (right) [64]

vessels which if untreated can develop fibrous adhesive tissue leading to tractional

retinal detachment [42]. Proliferative Diabetic Retinopathy (PDR) is at times

preceded by venous abnormalities such as beading, looping and Intra-Retinal Mi-

crovascular Anomalies (IRMAs) [42, 62].

Figure 2.3 contrasts a visualization of a normal human retina against one showing typ-

ical DR symptoms such as microaneurysms, cotton wool spots and neovascularization

which are discussed above. The typical manifestations of DR can be detected through

visual clinical examinations without the need for surgical operations because of their

distinctive optical characteristics; this makes their detection an interesting domain for

machine learning and image processing techniques. The underlying factors of these man-

ifestations, such as vessel permeability and inflammation are more difficult to observe

using fundus photography. Although retinal edema/swelling can potentially be detected

using cross-sectional imaging techniques such as Optical Coherence Tomography (OCT),

equipment costs are normally exorbitant [63].

One of the main setbacks of DR is that it is largely asymptomatic until the latter stages

of the disease when there is a high risk of irreversible retinal damage and loss of vision

[5]. It is therefore essential to undergo regular screening in order to detect the disease

at its onset and enable more effective treatment.

2.3.4 Classification of Diabetic Retinopathy

In order to prescribe adequate therapy, the screening of DR needs to go beyond merely

detecting the presence of pathology, instead it should categorize, classify and rank the
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severity of the disorder [63]. Categorizing fundus images from different patients with

similar pathology requires a screening framework that is detailed enough to avoid am-

biguity and yet flexible enough to allow for generalization. Giving common labels and

demarcations to pathological clusters of related cases allows for universal interpretation

of symptoms and findings. While most lesions do not cause a direct obstruction to the

visual information that is aggregated by the retina, those lying within or proximal to the

macula pose a significant threat to vision [42]. Such cases should be prioritized for treat-

ment, hence it is essential to have some aspect of severity staging in any DR screening

programme. Although several initiatives have previously been made by medical experts

to standardize the classification of DR, a consensus of opinions is difficult to attain [65].

If realized, generic classifications could be beneficial for facilitating unambiguous commu-

nication between various diabetic practitioners [63], verifying/validating clinical findings

and providing a reference guide for the diagnosis of complex cases. One of the earliest

such initiatives was the Airlie House symposium in 1968 which brought a group of ex-

perts together in order to consolidate existing knowledge of DR and develop a standard

classification of the disease [63, 66]. The Early Treatment of Diabetic Retinopathy Study

(ETDRS) [67] subsequently extended this classification by:

1. providing clinically labelled reference ophthalmologic stereo photographs;

2. classifying DR into 13 complexity levels ranging from absence of retinopathy (level

10) to severe hemorrhaging and retinal detachment (level 85); and

3. introducing and empirically defining the concept of Clinically Significant Macular

Edema (CSME) as an advanced stage of DR [63, 68].

Efforts are ongoing to adapt existing DR grading/classification systems so that they

are simpler and more practical for clinical use. A fairly recent example is the Interna-

tional Clinical Disease Severity Scale for Diabetic Retinopathy (ICDSSDR) [69] which is

based on the ETDRS and the Wisconsin Epidemiologic Study of Diabetic Retinopathy

(WESDR) [63]. The ICDSSDR used standard photographs as benchmarks to recognize

five stages of DR: no apparent retinopathy, mild Non-Proliferative Diabetic Retinopa-

thy (NPDR), moderate NPDR, severe NPDR and Proliferative Diabetic Retinopathy

(PDR) [69]. The simple and yet objective approach of the ICDSSDR makes it easy to

recall and less prone to ambiguity [63].

Regardless of the grading scheme used, DR seems to be traditionally classified into

two major clinical categories: NPDR and PDR, where the latter is considered more

severe than the former. PDR is characterized by proliferation of delicate and leaky new

blood vessels (neovascularization) that can form fibrous and adhesive connective tissue
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over time, leading to complications such as vitreous haemorrhage and tractional retinal

detachment [42]. The severity of NPDR is typically based on the prevalence and location

of retinal lesions such as microaneurysms, cotton wool spots and IRMAs [42]. Lesions

close to the macular are an indication of excessive vascular permeability and swelling, a

condition known as Diabetic Macular Oedema (DMO) which is a big threat to central

visual acuity and is the most common cause of blindness in diabetes [42, 70].

2.3.5 Treatment of Diabetic Retinopathy

The treatment options for DR are implemented by either controlling the systemic fac-

tors such as glycaemic and Blood Pressure (BP) levels that exacerbate it, or providing

therapy to counteract/minimize the ocular damage caused by its pathological processes

[42]. Therapy options include laser photo-coagulation [67], vitreoretinal surgery [71] and

pharmaceutical therapy [42]. Although laser photo-coagulation is used to seal leaking

blood vessels and destroy lesions, it inevitably damages retinal tissue in the process

resulting in some level of visual loss [72].

Vitreoretinal surgery is normally reserved for sight threatening complications of PDR

such as severe vitreous hemorrhage and retinal detachments as it is an expensive and

complicated procedure that requires a high level of surgical precision [71, 72]. Pharma-

ceutical options include anti-VEGF therapy to suppress the over-expression of the VEGF

signal protein in order to reduce BRB compromise [42]. Additionally, steroid treatment

and Endothelial Progenitor Cell (EPC) therapy have been explored for stimulating vessel

and ischaemic retina repair with some success [42, 72].

Current treatment options for DR do not guarantee restoration of any lost vision and

effective treatment without side effects. It is therefore imperative to prioritize the devel-

opment of mechanisms to assist in the early detection of DR so that its adverse effects

can be minimized. Given the significant efforts that have been made to standardize the

classification of DR based on its common visual symptoms and the universal acceptance

of these standards, the stage is set for automated DR detection. Furthermore, it re-

mains to be proved whether current medical image processing methods and techniques

are adequate for solving this complex task effectively.

2.4 Conclusion

This chapter has highlighted the importance of the human eye as a convenient indicator

of general wellness, since it can be inspected non invasively. The retina takes center stage
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in CAD since it is directly responsible for light absorption and its blood vessels can be

visually analysed. Although DR retinopathy is a leading cause of blindness, it is largely

asymptomatic in its earlier stages. Hence, its screening programmes are a public health

imperative in most developing countries. The fact that there are well documented DR

classification schemes such as ETDRS and ICDSSDR, makes its automated diagnosis a

possibility. Since current treatment options do not guarantee the return of lost sight,

effective early diagnosis becomes very crucial. The next chapter looks into previous

efforts towards automatic retinal image analysis.
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Literature Review

3.1 Introduction

The use of retinal digital imaging is now standard practise within DR screening pro-

grammes, for example, the UK National Screening Committee recommends that all

diabetic patients aged 12 years and above, be screened annually using digital fundus

photography [15]. Using digital retinal imaging allows the operations of screening pro-

grammes to be decentralized as images may be captured at locations convenient to

patients then electronically transferred to remote sites for analysis by experts in a man-

ner that promotes quality assurance [15]. Since grading digital retinal images for the

presence of DR is largely a pattern recognition task, it is not surprising that a lot of

research has recently gone into automatic DR detection. [14, 15].

When a retinal image is captured using a digital fundus camera, it is stored in an

electronic format that can be interpreted as a matrix of pixel intensity values [14]. These

values can be in a grey scale or a vectorized colour scheme such as the Red Green Blue

(RGB) format. Under normal/ideal circumstances, each pixel may be surrounded by a

neighbourhood of other pixels with either highly contrasting or similar intensity values

depending on whether it lies within or at the boundary of a homogeneous object. Medical

images are prone to have poor contrast and varying levels of illumination, making it

difficult to precisely delineate their components; hence, a preprocessing stage is generally

required to normalize image brightness and reduce noise [14]. Subsequent processing may

involve the segmentation of retinal landmarks so that features can be extracted from

them for characterizing the pathological properties of the image [14, 15]. CAD of DR

can therefore be thought of as a process that uses a decision making protocol based on

clinical domain knowledge or specimen images, to ascertain the level of pathology in a

retinal image [4].

18
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This section presents a narrative review of some previous and recent endeavours to-

wards CAD in DR. The review period which spans from 1970 to date, is divided into

3 chronological groups: the early studies (1970 - 1989), the intermediate studies (1990

- 2009) and the recent studies (2010 to date) for referral convenience and to enable

chronological comparison. Common retinal image datasets that serve as a benchmark

for objective comparison and verification of reported results are explored, and typical

evaluation metrics are introduced.

3.2 Early Studies

The history of ocular CAD dates back to the earliest paper in this area published in 1973

by Matsui et al. from the Central Research Laboratory, Hitachi Ltd., which focused on

segmenting normal and abnormal retinal vessels using contour lines [73, 74]. Prompted

by the wide usage of fundus photograph evaluation in mass screening programmes, re-

searchers: Yamamoto et al., from the same institution, realised that the examination

of these photographs is a pattern recognition task which requires meticulous attention

and the increasing demand for this practise could exceed the capacity of available prac-

titioners [75]. They noted the apparent lack of research on automatic analysis of fundus

photographs and discussions about the technical possibility of this idea. An algorithm

was therefore developed to detect retinal changes caused by hypertension and sclerosis

over time using a longitudinal series of fundus photographs. The changes in question

included streak patterns such as artery narrowing and vein crossings; and spot patterns

such as haemorrhages and exudates. The algorithm used included smoothing, chromatic

and contour line filters; and it relied on human input to indicate the location of vein

crossings. The algorithm was tested against the findings of a physician using nine fun-

dus photographs and it was shown to give positive results. The momentum from this

initiative was however lost as the adoption and maturation of the general idea of ocu-

lar CAD was hampered by the lack of scientific evidence for disease characteristics and

classification at the time [73].

In an effort to expedite mass diagnosis of adult disorders like hypertension and diabetes,

Akita and Kuga studied the following problems in 1982: the extraction of retinal blood

vessels; recognition of arteries and veins; and the detection of abnormalities such as

haemorrhages, exudates and arterio-venous crossings [76]. Their work was presented

as an extension of the work done by Yamamoto et al. [75], as it did not depend on

human intervention. The approach used was based on chromatic discrimination and

mathematical modelling of components. Experiments on fundus images were presented
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visually without the use of evaluation metrics that give a score of overall effectiveness

of the approach.

Some efforts during this period focused on specific aspects of automatic ocular analysis

as opposed to carrying out a complete diagnosis. Lay et al. specifically focused on

the automatic detection and counting of microaneurysms in retinal angiograms using

a binary transformation filter and morphological shape operators [77]. The approach

was tested on 25 angiograms and a good correlation with manual analysis by experts is

reported. Peli and Lahav [78] formulated an objective method to measure the chronolog-

ical progression of drusen in the retinal pigment epithelium in order to augment research

in to automated Age-Related Maculopathy (ARM) detection. A reproducibility of 6.1%

was reported on the evaluation of repeated photographs.

The progress of computer vision and artificial intelligence in the late 1980s in areas such

as remote sensing inspired efforts to establish complete medical diagnosis systems [79].

Katz et al. designed software to automatically segment normal and abnormal retinal

structures using features such as colour, shape and texture [79]. The output was a list of

possible diagnoses and their associated confidence levels. The extension of this work led

to the Structured Analysis of the REtina (STARE) project [80], which developed an im-

age understanding system to support ophthalmologists by providing automated analysis

and diagnosis of retinal images. The system initially identified structural components

of the retina such as blood vessels, the optic disk and lesions; it then used a knowledge

description language to provide symbolic representation of DR manifestations in an im-

age, then integrate quantitative and contextual data extracted from the images to train

neural networks on how to pathologically classify images. The dataset that was used

contained 9 diagnoses, each of which had 11 patients. The neural network classifier that

was deduced from this dataset, achieved an accuracy rate of 83% for diagnosing new

cases. Other effort at the time included that of Ward et al., who developed an image

analysis system to measure exudate prevalence in fundus photographs [81]. Preprocess-

ing operators were used to enhance contrast and reduce variation in illumination while

the actual segmentation of exudates was based on grey level thresholding. The system

was found to be effective when tested on standard photographs from the ETDRS, which

led to its use for monitoring the effectiveness of laser treatment in diabetic retinopathy

patients at the time.

3.3 Intermediate Studies

Although efforts towards CAD of ocular diseases continued into the 1990s, Sharp et al.

reported that they were unable to complete a 1998 systematic literature review on the
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use of digital imaging technology in DR detection due to the lack of advancement in this

field [15, 82]. Although the focus of most ocular CAD in the 1990s was on DR [15], the

automatic detection of other disorders such as glaucoma [83, 84], hypertension/sclerosis

[85] also received some research attention. The DR studies during the period 1990 - 2009

saw a steady increase in diversified research with various points of emphasis such as the

segmentation of specific retinal components, investigation of AI techniques and compre-

hensive diagnosis [15]. In addition, the methods used were technically more advanced

than those used in the early studies which relied mainly on grey level thresholding.

3.3.1 Optic Disk Detection

Computer aided tasks on the optic disk are normally centered around its localization

and subsequent segmentation. While localization generally aims to identify the center

of the optic disk, segmentation determines its boundary in order to compute the disk

diameter which may be used for locating the fovea [15]. A simple approach to optic disk

localization is to identify the largest cluster of bright pixels in a fundus image [14, 86].

This approach is however inadequate in the presence of other fundus components such

as exudates, with similar intensities [87]. As such, a combination of features like colour

and morphology may be effective in the presence of destructors [15]. Other approaches

that were used for optic disk localization in the intermediate studies included algorithms

for vessel confluence detection at the optic disk [14, 88]; and finding the location with

the highest intensity variance of adjacent pixels within a neighbourhood window [89].

Segmentation of the optic disk is useful for spatially cognisant retinal image registration

which supports blood vessel tracking [90] and localization of the fovea [91]. Examples

of optic disk segmentation studies during the early 1990s include the work of Mendels

et al. [92, 93] who investigated the effectiveness of morphological operators combined

with active contours; they reported an accurate segmentation of the optic disk on all the

images in a test set of 9 fundus photographs. The approach adopted by Osareh et al.

[94] implemented parametric contour models derived from clinical reference standards

with an accuracy rate of 90%. Other variants of the contour model approach include the

use of a gradient vector flow technique by Xu and Prince [95], and elliptic deformable

model with edge density sensitivity by Lowell et al. [91]; to detect the rim of the optic

disk.

3.3.2 Blood Vessel Detection

Given the significant role that blood vessels play in retinal pathology, it is not surprising

to learn that the structured literature review conducted by Winder et al. [15] found
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retinal blood vessel segmentation to be the most popular focus area of DR automation

studies in the period: 1998 - 2008. Although various approaches have been proposed

for vascular segmentation, the independent reviews by Patton et al. in 2006 [14] and

Winder et al. in 2009 [15] both came to the conclusion that efforts at the time could be

categorized into 4 general methods: matched filtering, morphological processing, vessel

tracking and pixel-based classification.

3.3.2.1 Blood Vessel Matched Filters

Hoover et al. proposed an automated method to segment the retinal blood vessel network

in fundus images using local and global vessel properties [96]. A matched filter was used

to enhance pixels with a neighbourhood profile that matched predefined blood vessel

cross sectional Gaussian models. The enhanced images were thresholded at various grey

levels yielding a Receiver Operating Characteristic (ROC) curve with a true positive

rate of up to 75% when compared against hand-labeled ground truth segmentations

from the STARE [80] dataset. When using matched filters, a two-dimensional linear

filter is typically rotated in 30-45° increments in order to achieve rotation invariance

[97] and the maximum filter correlation value is taken as the Matched Filter Response

(MFR) [15].

The drawbacks of the matched filter include the computational overhead from applying

a large convolution filter over several orientations; a lack of flexibility in the Gaussian

models in order to dynamically match different vessel sizes; and false positives due to

exudates and reflection artefacts in low contrast images [15]. Efforts to address some

of these shortcomings include the use of non-linear tram-line filters which plot a line

along the center of a vessel segment and contrast its longitudinal profile against that of

adjacent tram-lines on either side [98]. The challenge with tram-line filters is determining

the appropriate length of structuring element to use as long tram-lines may not fit well

into tortuous vessels [14]. In 2007, Ricci and Perfetti proposed the use of a rotated fixed

length line detector that is sensitive to vessel center line pixels and two orthogonal short

line operators to construct a feature vector for classification using supervised Support

Vector Machines (SVMs) [99]. The behaviour of the line detector in the presence of

a central reflex was shown to be satisfactory and the overall algorithm was evaluated

through ROC analysis, resulting in an Area Under the Curve1 (AUC) of 0.9558 and

0.9602 for the DRIVE and STARE datasets, respectively [12, 99].

Staal et al. extended the concept of matched filters to form a ridge-based vessel segmen-

tation method that detects image ridges using a kernel whose weights are derivatives

1The ROC curve.
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of a Gaussian [100]. The ridges approximate line elements corresponding to vessel cen-

ter lines and pixels neighbouring a particular line element form a patch, whose feature

vectors are classified by a kNN classifier into vascular or non-vascular tissue categories.

An AUC of 0.952 and an accuracy of 0.944 2 were achieved on the STARE dataset. In

2009, Osareh and Shadgar proposed scale and orientation selective Gabor filters as a

three-dimensional extension to matched filters [101]. The extracted features were clas-

sified using a Gaussian Mixture Model (GMM) and SVMs, yielding an AUC of 0.974, a

sensitivity of 96.5% and a specificity of 97.1% on a dataset of 90 normal and abnormal

images. Further experimentation on the DRIVE dataset yielded an AUC of 0.965 with

an average processing time of 30 seconds per image.

3.3.2.2 Blood Vessel Morphological Processing

In line with the biological concept of morphology, which refers to the shape and structure

of organisms; morphological concepts in image processing refer to shape representation

and manipulation [12]. Morphological processing can therefore be looked at from two

different perspectives:

1. Characterizing existing object shapes using metrics such as circularity ratio and

eccentricity which quantify the similarity of a given boundary to a formal shape

[102].

2. Enhancing existing object shapes through morphological operators that have var-

ious effects such as opening, closing, erosion and dilation [103]. These operators

can also be combined to form algorithms such as top-hat and watershed transfor-

mations that are commonly used for medical image segmentation [12].

Examples of vessel shape characterization include the work of Zan and Klein in 2001

who managed to detect vessels using shape properties, connectivity and curvature [104].

Although the authors motivate the recognition of linear segments and connectivity as

morphological processing, the concepts used are very similar to line detection except

that in this case lines are detected using morphological operators with linear structuring

elements. Similarly, cross curvature evaluation is synonymous with matched filtering

save for the fact that a Laplacian is used to model the curvature of a vessel cross sectional

profile. Cross curvature evaluation was used to prune false positives that may have been

enhanced by linear segment detection based on the fact that vessel components tend to

have linearly coherent curvature. Evaluation was done on the DRIVE dataset, yielding

2This is comparable to the effectiveness of the human observed who achieved an accuracy of 0.947
for the same task.
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an accuracy and AUC of 0.9377 and 0.8984 respectively. Heneghan et al. extended

this work by deriving structural properties such as vessel width and tortuosity which are

useful indicators of conditions like Retinopathy Of Prematurity (ROP)3 [105]. Given the

variety of shape characterization features available to the image processing community,

there seems to be room for the application of more advanced shape detectors, especially

for purposes such as differentiating between lesions and blood vessels.

Mendonca and Campillo used Difference of Offset Gaussian (DoOG) filters in conjuc-

tion with scalable morphological reconstruction to segment retinal vasculature [106]. A

modified top-hat filter with adjustable size was used to enhance vessels of various widths

and four different orientations of the DoOG filter were used to extract pixel features for

building a vessel center line classification model. Segmentation was carried out using

an iterative region growing algorithm initiated from the extracted vessel center lines.

The effectiveness of the approach was demonstrated through average accuracy values of

0.9463 and 0.944 on the DRIVE and STARE datasets respectively. Yang et al. used

a multi-oriented top-hat filter in combination with opening and closing morphological

operators to enhance retinal blood vessels [107]. The Fuzzy C-Means (FCM) clustering

algorithm was used to segment the vessels followed by a post-processing stage to reduce

weak edges and noise. The approach was tested on the STARE dataset and shown to

yield results comparable to a specialist’s segmentation using graphical plots of accuracy

ratios.

3.3.2.3 Blood Vessel Tracking

Tracking algorithms can be used to segment image objects based on the connectedness

and homogeneity of constituent pixels. Since detection is typically based on represen-

tative regions like object center lines as opposed entire objects, tracking is essentially

reduced to local characterization and segmentation of such a region from a given start-

ing point. Although tracking algorithms work at the level of single vessels, they provide

accurate vessel width measurements and can be used to analyse attributes such as bi-

furcation and tortuosity [12]. Tracking algorithms can therefore perform vessel analysis

efficiently as they focus only on the regions of interest. They are however dependent on

seed points and can be misled by inconsistent center line profile and branching.

Gao et al. used twin Gaussian functions to model vessel cross-sectional profiles and track

them in the direction of the prevailing longitudinal axis [108]. The tracking method was

used to measure average vessel segment widths and recommended for possible retinal

pathology diagnosis which is typically done by analysing bifurcation geometry properties

3Retinopathy in infants.
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such as vessel diameters, branch angles and branch lengths [108, 109]. Lalonde et al.

presented a novel tracking algorithm that is based on vessel edges as opposed to center

lines [90]. After enhancement using the Canny edge operator, vessels were tracked by

monitoring the connectivity of twin borders. Discontinuities in vessel edges were used to

trigger new seed points for subsequent tracking which assisted with detecting bifurcations

and disjointed vessels. Although several other studies such as [110–112] explored vessel

tracking during the intermediate period (1990 - 2009), the lack of common objective

evaluation criteria to assess tracking effectiveness is conspicuous.

3.3.2.4 Blood Vessel Pixel Classification

The lowest level at which machine learning techniques can be applied to image compo-

nent segmentation is at pixel level. In the supervised approach, pre-labelled pixels are

required for training a classifier to recognize typical class instances through a process of

generalization. In the unsupervised approach, instances are normally clustered based on

mutual proximity in the feature space and optimization algorithms that determine an

effective partitioning of datasets into a predetermined4 number of classes. Examples of

supervised machine learning approaches include Naive Bayes, SVMs, kNN and Neural

Networks while unsupervised machine learning is exemplified by C-Means Clustering,

SOMs and GMMs [113, 114]. Pixel classification methods offer simplified feature ex-

traction as classifiers can be fed with raw pixel values or filter outputs from a local

neighbourhood. They are however prone to computational overhead as they operate at

pixel level and may require long training times to capture the complex distinguishing

inter-pixel relationships in a given class.

In 2004, Niemeijer et al. presented their work which used the DRIVE dataset to compare

four previously published non-supervised5 retinal vessel segmentation methods against

a supervised pixel classification method [115]. The features used in the supervised

approach included the image green channel as well as filter output from the Gaussian

and its derivatives (first and second) at multiple scales. This yielded 31 features which

were normalized to zero mean and unit variance then fed to a kNN classifier where

k = 30. Preliminary investigations showed that filter output was superior to raw pixel

values within a neighbourhood and the kNN classifier was more effective than linear

and quadratic classifiers. The kNN classifier was used to deduce a probability map

for each pixel, enabling soft classification which could be further quantized for binary

segmentation through thresholding. Experiments on the DRIVE test set resulted in a

Maximum Average Accuracy (MAA) rate and an AUC of 0.9416 and 0.9294 respectively.

4Although more complex algorithms can partition datasets without knowledge of a target number of
classes, in most cases this number is known before hand.

5The authors describe this as “not trained with examples”.
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Although this segmentation approach was superior to the other methods considered, the

performance of the human observer was significantly better.

In 2006, Soares et al. proposed the use of the inverted image green channel and maximum

responses from rotated two-dimensional Morlet wavelets (or Gabor wavelets) at different

scales as feature vectors for supervised retinal vessel segmentation [116]. Training set

examples were used to estimate a linear combination of class conditional probability

density functions for a Bayesian classifier in order to model complex decision surfaces

that effectively distinguish blood vessel pixels. Optimal results are achieved when 20

Gaussians are used to model each class. In this setting, an AUC and accuracy of 0.9598

and 0.9467 are obtained on the DRIVE dataset respectively while the STARE dataset

yields an AUC and accuracy of 0.9651 and 0.9474 respectively. A significant drawback

of the study is that in all experiments, one million pixels were randomly sampled to

train the classifiers; it is therefore difficult to re-enact this study.

3.3.3 Retinal Pathology Detection

A review of automatic DR detection algorithms by Faust et al. [117] showed that pre-

vious studies in the intermediate era explored a wide spectrum of pathological features

drawn from retinal components such as blood vessels, exudates, microaneurysms and

haemorrhages. In order to extract useful pathological features from these retinal com-

ponents, their accurate and reliable segmentation is usually required before pathological

classification.

A project by Hayashi et al. [118] in 2001 developed a CAD system to assist physicians

with the diagnostic analysis of blood vessels and abnormalities in fundus images. The

blood vessel properties investigated were vascular intersections and widths which may

indicate the presence of disorders such as arteriosclerosis and high blood pressure. Vas-

cular intersections were detected using a filter that highlights local regions with vessels

crossing the filter boundary at least four times. Misdetections were minimized by sub-

tracting regions that match typical false positive vascular intersections. Variations in

vascular width were determined through a process that involved morphological thinning,

center-line fitting and perpendicular-line estimation. Blood vessel segments with a width

that deviated from the average vessel width by more that a predetermined threshold were

marked as abnormal sections. Red lesions were detected using a combination of morpho-

logical processing, HSV colour space contrast enhancement and binarization. Further

validation was performed on candidate red lesion regions by ensuring that their contrast

against neighbouring regions was greater that a given threshold. The system was tested

on an unspecified collection of approximately 450 fundus images and its effectiveness
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was justified using true positive rates and error ratios of component segmentation; ac-

tual diagnosis was left to the physician. True positive rates of 76.5%, 70% and 58.8%

were obtained for abnormal segment widths, white and red lesion detection respectively

while intersection detection showed an error rate of 25.1%.

Foracchia et al. [119] presented a computerized system for the quantitative character-

ization of vascular diagnostic properties of hypertensive retinopathy in fundus images.

These properties include vessel tortuosity, narrowing and change in direction particu-

larly at branch and intersection points in the vascular network. A tracking algorithm

was first used to segment the blood vessels then detect bifurcations and crossings for the

recognition of Gunn and Salus signs which are indicative of hypertensive retinopathy

[120]. Although the actual diagnosis of hypertensive retinopathy was not implemented

in this work, it boasts of an agreement of its algorithm output with the qualitative or-

dering of vessel tortuosity in a set of 22 hypertensive retinopathy images by three clinical

experts.

Vallabha et al. [121] investigated the effectiveness of Gabor filter banks for detecting

and classifying DR vascular abnormalities. An non-public collection of over 100 images

exhibiting either normal retina or various levels of NPDR were obtained from an eye

center and used to test the approach. The green channel of the images was filtered using

a collection multiple scale and orientation Gabor filters in the frequency domain. The

hypothesis proposed that blood vessels in an abnormal retina have multiple peaks as

opposed to one dominant orientation which is likely to be shown by normal retina in an

energy-orientation plot. Although visual illustrations of the correlation between NPDR

symptoms and energy vs orientation plots are shown, only 4 test images are depicted in

the work and no objective evaluation is presented for the over 100 images collected.

One of the earliest works on retinal lesion detection was by Goldbaum et al. [87], who in

1990 investigated the discrimination of similarly coloured retinal objects as part of the

STARE project. Their preliminary investigations showed that similarly coloured lesions

such as exudates, cotton-wool spots and drusen can be computationally distinguished

using colour features only. A retinal specialist (Dr Goldbaum) selected 30 retinal images

from different patients such that the three lesion categories each had 10 representative

sample images that observed random distribution over variables such as age and reti-

nal pigmentation. Groups of lesion pixels were manually extracted from all the sample

images and used to create a three-dimensional average colour (RGB) vector for each

patient. To reduce luminance noise the vectors were further reduced to two-dimensional

features through a spherical-coordinate transformation. A distance based Bayesian clas-

sifier was trained on this dataset of 30 two-dimensional colour vectors (10 instances for

each class: exudates, cotton-wool spots and drusen). The prior probabilities of each class
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were equivalent, owing to the training set distribution. The posterior probabilites were

estimated using a two-dimensional Gaussian Probability Density Function (PDF) esti-

mated from the training set. Using the Mahalanobis distance to threshold the Bayesian

class probabilities, a leave-one-out cross validation approach yielded 70%, 70% and 50%

accuracy for exudates, cotton-wool spots and drusen respectively.

In 2000, Wang et al. [122] extended the work of Goldbaum et al. [87] with the intention

of specifically improving exudate detection in varying illumination conditions. The RGB

colour space was transformed into an isoilluminant surface model with three spherical

features that allow for more effective differentiation in luminance and colour differences.

The Bayesian posterior probability was used to formulate a discriminating function

known as the Minimum Distance Discriminant (MDD). The MDD is trained on a set of

sample exudate and normal background retinal image patches. Before applying the MDD

on the spherical coordinates of individual pixels, a brightness adjustment procedure was

applied in order to enhance dim lesions existing in low contrast regions. While this

preprocessing function improves the contrast of obscure lesions, it also yields background

formations that may be wrongly classified as lesions. A further verification process that

uses a pixel’s local neighbourhood intensity distribution is employed to re-classify these

potential classification errors. Experiments conducted on a set of 54 retinal images that

contain abnormalities and exhibit varying levels of image quality demonstrate a 100%

accuracy in terms of correctly labelling each image as either normal or abnormal. Further

experiments on a set of 100 normal retinal images demonstrate an accuracy of 70% in

terms of identifying truly normal retinal images. Although this study showed a combined

classification accuracy of 85%, its major drawbacks include the unavailability of the

dataset (both training and test sets) used for more objective analysis of performance

and its classification at image level as opposed to pixel level which is more challenging

given that judgements need to be made using limited local information.

Inspired by the work of Gardner et al. [123], Hunter et al. [124] applied neural networks

to the task of exudate detection. In both studies red-free6 retinal images were tiled

using either 20 × 20 or 16 × 16 blocks; some of these blocks exhibited exudates while

others had drusen amongst other retinal components. Aided by a hierarchical feature

selection process called sensitivity analysis, Hunter et al. went further to use other

features such as Fourier transform and Prewitt edge detection filters values to build a

neural network with 11 inputs and 7 hidden units which was significantly smaller than

the network of 400 input and 80 hidden units used by Gardner et al. From a data set

of 16 fundus images, a training set (56 exudate and 44 drusen tiles) was used to build a

6Subjected to light that is free of the red channel instead of white light for contrast enhancement
purposes.
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classifier which when evaluated on a testing set (60 exudate and 51 drusen tiles), yielded

sensitivity and specificity values of over 91%.

Osareh et al. [125] used features derived from various colour space statistics and shape

descriptors on Fuzzy C-Means (FCM) segmented exudate candidate regions. The FCM

segmentation is based on zero-crossings of the second derivative of the histogram of each

colour band at multiple scales. The zero-crossings were used to define possible colour

clusters in the images and each pixel assigned a membership value to reflect its degree

of belonging to a particular class. The selected features were implemented on neural

network and SVM classifiers using an unspecified data set of 142 retinal images; neural

networks proved superior with an exudate classification accuracy of 93.4%.

Microaneurysms manifest as small blobs in the retinal capillaries [57] and are known

to be the earliest visually recognizable symptom of DR [117]. Because microaneurysms

occur within and have virtually the same colour as blood vessels, their automated de-

tection and subsequent analysis are potentially more challenging than that of exudates.

Bernardes et al. [126] analysed microaneurysms through a method called MA-tracker

which used image registration and chronological change detection techniques. Images

were preprocessed using principal component analysis and contrast enhancement in the

RGB and HSV colour spaces to yield enhanced fundus images which could then be man-

ually earmarked for microaneurysms by trained graders. Using a collection of 235 colour

fundus photographs and 145 fluorescein angiograms collected at 6 monthly intervals over

a period of 5 years from NPDR patients, it was shown that although microaneurysms

remained stable over time, only 29.4% invariably stayed in the same location. Jelinek

et al. [127] compared the effectiveness of the Waikato automated microaneurysm de-

tector against that of optometrists at diagnosing DR based on ground truth findings as

determined by a team of ophthalmologists. The automated detector enhanced interest

points using shade correction, top hat vessel removal, matched filter thresholding and

region growing techniques. A combination of colour (RGB and HSV) and morphologi-

cal (area, complexity and aspect ratio) features are extracted from interest points and

used to train standard classifiers such as SVMs, ADtrees and logistic regression [128].

While the optometrists achieved 97% sensitivity at 88% specificity, the automated de-

tector recorded 85% sensitivity at 90% specificity at detecting DR on a set of 758 fundal

images from diabetic patients. Although the automated detector had lower effective-

ness than optometrists its performance met the prescribed National Health and Medical

Research Council7 guidelines.

7Australia
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Larsen et al. [129] compared the performance of a patented DR detection algorithm from

a commercial fundus analysis system, RetinaLyze (https://retinalyze.com/) against vi-

sual lesion annotation by six specialist ophthalmologists. A collection of 400 fundus pho-

tographs from diabetic patients in the Welsh Community Diabetic Retinopathy Study

were used for evaluation; the fundus status of the images ranged from normal to early

proliferative retinopathy. The manual lesion annotation by specialists was done using

software that allowed regular shape and freehand drawing to mark red lesions after full

colour stretching for each RGB channel to enhance visual contrast. RetinaLyze applies

modeling techniques on the green channel of fundus images to identify candidate red

lesions; blood vessels and the optic disk are extracted prior to enlarging the candidate

lesions through region growing methods. The automated system yielded an accuracy,

sensitivity and specificity of 79%, 96.7% and 71.4% respectively when using predeter-

mined system threshold settings. When these settings were varied, an AUC of 90.3%

was achieved. Additionally, Cohen’s kappa was used to measure classification agree-

ments with the gold standard overall visual DR grading. The automated system and

ophthalmologists had agreements of 0.659 and 0.648 respectively; this showed that the

performance of the automated system was comparable to human experts.

Acharya et al. [130] used morphological image processing techniques and a SVM classi-

fier to automatically diagnose DR as either non-existent, mild NPDR, moderate NPDR,

severe NPDR and PDR. A collection of 331 retinal photographs showing either normal

retina or varying levels of DR were obtained from the National University Hospital in Sin-

gapore. Adaptive histogram equalization was performed on the inverted intensity levels

to improve the contrast of the images before a series of morphological operator, thresh-

olding, edge detection, image subtraction and median filtering techniques were applied

in variation to enhance the different components of the retina. The features extracted

were the pixel areas of blood vessels, microaneurysms, exudates and haemorrhages. An

average accuracy, sensitivity and specificity of 85%, 82% and 86% respectively were ob-

tained on an independent test set derived from the image collection. Although different

data sets were used, these results are comparable with other similar studies in this era

such as Sinthanayothin et al. [131] and Singalavanija et al. [132].

3.4 Recent Studies

While previous research has improved the effectiveness of retinal vascular segmentation,

the same degree of success is yet to be realised in the detection of retinal manifestations

such as red and white lesions. It is typically these manifestations that form the basis

of DR diagnosis and subsequent grading of its severity. This section focuses on some of
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the recent methods that have been investigated for use in actual automatic diagnosis of

DR as well as the current state of the art in retinal image segmentation. To increase

the likelihood of reproducibility and/or objective comparative analysis, deliberate effort

has been made to focus on studies that use publicly available datasets. Some current

commercial systems and prospective technology for automated DR detection are also

explored.

3.4.1 Computer Aided Diagnosis

In their review of recent CAD methods for detecting DR using Digital Fundus Pho-

tographs (DFPs), Zhang et al. [4] established that the segmentation of candidate vessel

abnormalities and subsequent extraction of features from them, are foundational steps

towards DR diagnosis. After the localization of lesions and neovascularization, informa-

tion from individual detections is fused to predict the presence or severity of DR. Su-

pervised classification seems to be the predominant approach for facilitating automated

diagnosis; individual studies normally make scientific contributions by either proposing

new pathological image processing indicators or formulating hybrid or unique8 classifiers.

An example of the latter is the work of Akram et al. [133] in 2013 which used mor-

phological operators and Gabor filters to highlight potential microaneurysms. A hybrid

classifier which comprised of a GMM, SVM and SOM was supplied with shape, colour

and statistical features from candidate microaneurysms. The proposed method is said

to have achieved accuracy rates of up to 99.49% on the DIARETDB0 and DIARETDB1

datasets; the specific details of training and test set partitions are however not given.

Other researchers have focused on experimenting with new and existing feature opera-

tors for effective pathological discrimination. In 2014 Ashraf et al. [134] proposed the

use of LBP texture descriptors for Regions Of Interest (ROIs) in a DFP. LBPs were

selected due to their invariance to illumination fluctuations in an image and thus used

as justification for not applying a preprocessing filter to erode potential pathological

candidate regions. Different variations of LBPs were used in combination with SVMs

to detect normal and abnormal (containing either haemorrhages and microaneurysms)

ROIs. Accuracy rates of up to 86.15% were achieved on the DIARETDB1 dataset using

10-fold cross-validation. Research published by Seoud et al. [135] in April 2016 reported

an effective new set of shape features called Dynamic Shape Features that are useful for

DR detection and screening. A series of operations are used for contrast enhancement

and illumination normalization in the DFP. Using the derived green channel, candidate

microaneurysms and haemorrhages are extracted by thresholding connected components

with local minimal intensity then discarding candidates with low contrast and/or high

8Previously unused or novel.
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intensities. Morphological flooding is then iteratively applied to the processed image

and at each flooding level, conventional shape features such as eccentricity and circu-

larity are computed on resulting catchment basins. The evolution of these features over

successive flooding is tracked for each candidate lesion resulting in a curve for each can-

didate lesion feature. Classification is done using a Random Forest (RF) classifier based

on the shape feature evolution curves for each candidate lesion. On the Retinopathy

Online Challenge dataset, a Free-response Receiver Operating Characteristic (FROC)

score of 0.42 is achieved while on the Messidor dataset, experiments show an AUC of

0.899. Examples of other recent studies that have applied machine learning methods

and computer vision features for DR detection can be found in the review by Amin et

al. [136].

Pires et al. [137] used a Content Based Image Retrieval (CBIR) and machine learning

approach for lesion classification. A Bag of Visual Words (BoVW) was constructed using

the Speeded-Up Robust Feature (SURF) local descriptor as a low level feature set and

a SVM classifier. When tested on the DR1, DR2 and Messidor datasets, the algorithm

achieves AUCs of up to 97.8% and 93.5% for detecting images containing exudates and

red lesions respectively. Although the algorithm is shown to be a flexible framework for

characterizing DFPs using a predetermined feature set of codewords and no landmark

specific preprocessing, it is unable to identify the precise location, size and quantity of

lesions in a DFP.

3.4.2 Recent Retinal Image Segmentation Studies

Although efforts towards retinal image based diagnosis have strengthened, low level

research into landmark segmentation continues to date. This is because progress in the

latter generally improves the former. A recent study by [138] reviewed previous work

with publicly available implementations of retinal image segmentation. After extensive

experiments on datasets such as ARIADB, CHASEDB1, DRIVE, HRF and STARE,

it was found that although potential still exists for both supervised and unsupervised

approaches to retinal image segmentation, unsupervised methods are greatly dependent

on preprocessing.

Some recent unsupervised initiatives include the work of Neto et al. [139] who used

a methodology combining Gaussian smoothing, morphological operators, contrast en-

hancement and adaptive local thresholding. Experimental evaluations were done on the

DRIVE and STARE datasets, achieving an average sensitivity and balanced accuracy

of 0.7819 and 0.8702 respectively. Aguirre-Ramos et al. [140] used a Gabor filter bank
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and Gaussian fractional derivative to enhance blood vessels. Thereafter automatic seg-

mentation was conducted using a bi-modal Gaussian threshold, which was shown to be

superior to the Otsu method. An average specificity, accuracy and balanced accuracy

of 0.7854, 0.9503 and 0.8758 respectively were obtained on the DRIVE dataset.

Recent advances in machine learning such as deep learning, seem to have also found rel-

evance in retinal image segmentation. Liskowski and Krawiec [141] used a deep neural

network trained on 27× 27 contrast normalized image patches, selected at random from

retinal images. A total of 400000 and 380000 patches are drawn from the DRIVE and

STARE datasets respectively and fed into the neural network. Testing is also done at

patch level; in both cases, only patches that completely fit into the FOV are considered.

A ROC and accuracy of up to 0.99 and 0.97 respectively are reported. Bala and Vi-

jayachitra [142] used an unsupervised segmentation approach followed by a supervised

diagnosis method. Segmentation was done through histogram equalization, matched

filters and modified local entropy thresholding. An Extreme Machine Learning (EML)

approach which comprised of a feedforward neural network trained using statistical tex-

ture features extracted from the automatically thresholded images, was used to diagnose

Proliferative Diabetic Retinopathy (PDR). The EML classifier achieved diagnosis accu-

racies of 97.5% and 95% on DIARECTDB0 and DRIVE datasets respectively. The

success of this PDR screening shows the impact that effective retinal image segmenta-

tion can have on automatic diagnosis.

A comprehensive review of recent techniques used in retinal image analysis can be found

in [16]. Although a wide range of supervised and unsupervised approaches are reported,

we note the absence of ensemble techniques such as Random Forests (RFs) [18] in this

review.

3.4.2.1 Retinal Image Datasets

Some of the most commonly encountered datasets in previous literature are summarized

in Table 3.1. The use of these datasets entails either blood vessel segmentation, landmark

localization/characterization and pathological diagnosis. Each dataset is supplied with

a ground truth which either shows the precise locations of landmarks or specifies the

relevant diagnostic details. The images in the DRIVE dataset were obtained from a

Netherlands based DR screening programme. The screened population consisted of 400

diabetic subjects between 25-90 years of age. The photographs in the dataset were

randomly selected from a pool of subjects between 25 and 90 years old, 33 do not

indicate diabetic retinopathy while 7 have signs of mild early diabetic retinopathy. This

dataset comes with a mask for each image, to identify the field of view.
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Dataset Size Dimensions Purpose

DRIVE [100] 40 565× 584 Vessel segmentation

STARE [96]
400

700× 605
Vessel segmentation,
optic disk location and
diagnosis

80
20

CHASEDB1 [143, 144] 28 999× 960 Vessel segmentation and tortuosity
measurement

DIARETDB [145, 146]
130

1500× 1152 Diagnosis
89

MESSIDOR [147] 1200
1440× 960

Diagnosis2240× 1488
2304× 1536

Table 3.1: Details of common retinal image datasets

The STARE dataset images and clinical data originate from the Shiley Eye Center at

the University of California. The dataset comes in 3 forms for use in either vessel

segmentation, optic disk localization and diagnosis. Each of these are only provided as

a test set and there are no FOV masks. The vessel segmentation subset is the most

commonly used and it has 10 out of 20 images with pathological signs.

The CHASEDB1 dataset was collected during a Child Heart Health Study in England

(CHASE), during which a cardiovascular health survey was conducted in 200 primary

schools in London, Birmingham, and Leicester. The images in the dataset are the left

and right fundus images of 14 child subjects recruited from a school in North-East

London.

The DIARETDB0 dataset contains 110 out of 130 retinal images which show some symp-

toms of DR. The DIARETDB1 dataset contains 84 out of 89 images which exhibit signs

of mild proliferative DR. Gold standards informed by expert opinion, indicate locations

of landmarks such as microaneurysms, hemorrhages and exudates. Both datasets were

obtained from the Kuopio university hospital in Finland.

The MESSIDOR dataset which is sponsored by the Messidor programme partners is

currently the largest publicly available retinal image repository. The images are taken

from 3 ophthalmologic departments under varying conditions such as image resolution

and the use of pupil dilation. Although this dataset does not contain a gold standard

showing locations of pathological landmarks, it comes with a medical diagnosis for each

image.
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3.4.2.2 Evaluation Metrics in Retinal Image Segmentation

Generally the main objective of retinal image segmentation is to differentiate the retinal

background from important landmarks such as blood vessels and pathological objects.

This task has proved to challenging in cases where there is low contrast between the

background and important retinal tissue. For blood vessel segmentation there is the

added difficulty of differentiating vascular tissue from other non-vascular tissue which

may have similar profiles.

In order to determine how successful blood vessel segmentation is, a gold standard

(typically constructed by several opthalmological experts) is required and verification is

normally done at pixel level. If the goal is to identify vessel tissue, four classification

possibilities arise [12]. A True positive (TP) classification occurs when a pixel is identified

as a vessel in both the gold standard (also known as ground truth) and the algorithmic

image segmentation. A True negative (TN) classification occurs when the gold standard

and the segmented image both classify a pixel as non-vascular. Misclassifications arise

when the ground truth and segmented images have differing labels for a given pixel. A

False negative (FN) occurs when a pixel is erroneously classified as non-vessel in the

segmented image but as experts identify it as a vessel pixel in the ground truth image.

A False Positive (FP) occurs when a pixel is labelled as non-vessel in the ground truth

image but marked as a vessel in the segmented image.

These four basic classification categories form the foundation of composite evaluation

metrics which occur at image level. The True Positive Rate (TPR) represents the pro-

portion of correctly classified vessel pixels while the False Positive Rate (FPR) represents

the rate at which pixels are mislabelled as being vascular. The segmentation accuracy

(Acc) is simply the proportion of correct classifications (true positives and true nega-

tives) over all the pixels of a retinal image. The ability to correctly detect vascular and

non-vascular pixels is represented by Sensitivity (SN) and Specificity (SP) respectively.

Given a segmented retinal image Img containing n pixels, its sensitivity and specificity

can be defined as follows:

Sensitivity(Img) =

∑n
p=0 ITP (Img(p))∑n

p=0 ITP (Img(p)) +
∑n

p=0 IFP (Img(p))
, (3.1)

Specificity(Img) =

∑n
p=0 ITN (Img(p))∑n

p=0 ITN (Img(p)) +
∑n

p=0 IFN (Img(p))
, (3.2)

where ITP , IFP , ITN and IFN represent indicator functions for TP, FP, TN and FN

respectively. The grey level at a pixel p is represented by Img(p).
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Neto et al. [139] used the concept of a balanced accuracy as shown in equation 3.3, to

reduce the effect of vessel and non-vessel pixel count disproportions in typical fundus

images.

BAcc(Img) = α ∗ Sensitivity(Img) + β ∗ Specificity(Img). (3.3)

The authors argue that the traditional accuracy metric is a subset of balanced accuracy.

In the former, α and β are set to the probability of vascular and non-vascular tissue

respectively, as shown in equations 3.4 and 3.5. In the latter, both weights are set to

0.5.

α =

∑n
p=0 ITP (Img(p)) +

∑n
p=0 IFP (Img(p))

n
. (3.4)

β =

∑n
p=0 ITN (Img(p)) +

∑n
p=0 IFN (Img(p))

n
. (3.5)

A receiver operating characteristic (ROC) curve assists with comprehensively evaluating

an algorithm’s segmentation ability under varying settings. It plots a curve of TPR

against FPR and measures the area under this curve (AUC) as a normalized value

between 0 and 1. A curve that approaches the top left corner is indicative of good

segmentation performance which closely approaches an AUC of 1. For the retinal images

occuring in most datasets, these metrics are generally computed over only the pixels

within the FOV.

3.5 Conclusion

Although there is an increasing interest in automated retinal image diagnosis, research

into improved retinal landmark segmentation continues to be relevant, due to its capacity

for objective computation of landmark location, size and shape. Highly accurate blood

vessel segmentation can yield reliable measurements of features such as tortousity, width

and branching factor which can assist in DR diagnosis [143].

The objective assessment of blood vessel segmentation algorithm performance is assisted

by the availability of several public benchmark datasets. These repositories enable com-

parative research as well as re-enactment and verification of published experimental

results. Although existing retinal image datasets showcase a variety of fundus images

with varying levels of pathology, image quality and structure; there seems to be a lack

of images from the African continent and third world countries in general. This is of

concern given that the effect of ocular diseases is generally more pronounced in these

settings due to lack of skilled medical experts and access to health facilities. Previous

epidemiological and digital retinal imaging studies indicate that environmental and ge-

netic factors may significantly contribute towards retinal vascular quality [148]. This
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means that retinal image analysis systems trained on images from a specific geographi-

cal location, may not necessarily be relevant in a different location that has a different

genetic pool and environmental context.

Although concepts suh as Gabor filters and automatic thresholding seem to have been

widely explored in combination with various other techniques, their use is generally in the

form of direct application without any enhancements. There may be room for innovative

adaptations in some of these concepts, which may ultimately benefit the general image

processing community. Experimentation with Gabor filters [101, 140] is normally in the

form of parameter tuning with little interogation done on the effectiveness of its default

features. Thresholding is typically enforced through entropy [142] maximization or the

legacy Otsu method [140] without any form of adaptation.

Although there is evidence of the application of recent advances in machine learning

such as deep learning [141], to retinal image analysis, these concepts are yet to be com-

prehensively explored. We have only encountered a few studies which utilize ensemble

classification [144, 149, 150], a supervised machine learning technique that has been

proved to be highly robust to noisy training data. It may be, that the challenge in

retinal image analysis lies more at the feature extraction level, hence the wide diversity

in algorithms that are applied at that level. In the next chapter we explore the use of

RFs for selecting the most discriminative feature in a dataset.



Chapter 4

Random Forest Feature Selection

4.1 Introduction

Although feature selection [151] is commonly applied to avoid the curse of dimension-

ality in contexts such as text and DNA microarray analysis, it is generally useful as a

machine learning preprocessing step. It ensures that all variables that are included in

a predictive model are not redundant and therefore, meaningfully contribute towards

its discriminative ability. The benefits of feature/variable selection include improved

prediction accuracy and efficiency, reduced overfitting, as well as easier understanding,

interpretation and control over model training [152].

Algorithms used for establishing a set of useful features can be categorized as either

filter, wrapper or embedded methods [153]. Filter methods ensure feature usefullness

using statistical metrics such as chi square, fisher score and variance; which evaluate

intrinsic properties of features without considering their relationship to the target vari-

able. Wrapper methods use cross-validation techniques to select features that optimize

classifier performance; examples include genetic algorithms, sequential selection and re-

cursive elimination. Embedded algorithms use the model learning process to gather

useful statistics on the utility of each feature; example classifiers that can be used to

gather such statistics include decision trees and SVMs [154].

The Random Forest (RF) classifier has the capacity to facilitate both wrapper and

embedded feature selection through the Mean Decrease Accuracy (MDA) and Mean

Decrease Impurity (MDI) methods respectively [155]. MDI is known to be biased towards

predictor variables with multiple values whilst the MDA is stable in this regard [19].

MDA is accordingly the generally preferred option for RF-based feature selection despite

its higher computational overhead when compared to MDI. This research ultimately

38
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intends to apply RF feature selection to retinal images at pixel level, hence computational

overhead is of significant importance. We propose two improvements to the MDI method

to overcome its shortcomings. The first is using our proposed Purity Gap Gain (PGG)

measure which has an emphasis on computational efficiency, as an alternative to the

Gini Importance (GI) metric. The second is incorporating a Relative Mean Decrease

Impurity (RMDI) score, which aims to offset the bias towards multi-valued predictor

variables through random feature value permutations. Experiments are conducted on

UCI datasets to establish the effectiveness of PGG and RMDI.

In the remainder of this chapter, we begin with a detailed overview of RFs and then

proceed to introduce our proposed improvements to MDI feature selection. Experimental

details are then presented and results discussed.

4.2 Random Forests

Ensemble classification methods are premised on a training phase which generates several

individual base classifiers and a testing phase which aggregates classifier predictions into

a consolidated result [156]. The most common examples include boosting [157], bagging

[158] and Random Forests (RFs) [18], all of which are based on decision trees. In

boosting, trees are trained in succession and emphasis is placed on instances that are

misclassified by previous classifiers; the ensemble is therefore a committee of evolving

trees that increasingly adapt towards learning how to correctly predict the most difficult

training instances. In bagging, trees can be trained concurrently and emphasis is placed

on creating bootstrapped samples; the ensemble is therefore a committee of trees which

have random similarities and differences. RFs complement bagging by introducing an

extra level of stochastic behaviour in the selection of features involved in node split point

optimization. As a result, RFs are known to 1) have reliable classification performance

that is comparable to Support Vector Machines (SVMs), 2) be tolerant of noise and

robust to over fitting, and 3) be fast and simple to use since they only rely on 2 main

parameters [156].

We proceed to outline the adopted notation for representing the various components of

a RF and introduce some of its internal measures. As a supervised machine learning

algorithm, RFs receive a training set X, of N instances, each of which can be repre-

sented by X(i, ) = (x, y), where 1 ≤ i ≤ N and x = (x1, x2, . . . , xA), is a vector of A

components. Each instance x has a corresponding label y such that 1 ≤ y ≤ C, from

the set of C possible class values. X can be presented as a table in which the rows and

columns correspond with the dataset’s instances and features respectively. Accordingly,
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the notations X(i, ) and X( , j) represent views of the ith instance and jth feature re-

spectively. A set of samples {Xk, 1 ≤ k ≤ T}, each of size N , is drawn with replacement

from X1 and used to create a RF classifier h(x) made up of T corresponding decision tree

classifiers h1(x), h2(x), . . . , hT (x). The RF algorithm can therefore be said to accept a

training set X as input and output an ensemble classifier h(x). During the classification

stage, hk(x) = 0 denotes a correct prediction whereas hk(x) = y specifies that x has

been incorrectly labelled as a member of class y.

The sample Xk is used to create a root node Θk0
2 of the kth tree (hk), which is built by

recursively splitting nodes until given conditions are satisfied3. We denote any node at

a valid depth d ≥ 0 in hk and its size by Θkd and |Θkd| respectively. It can therefore be

said that Θkd ∈ hk. Let Φ(Θkd, j) represent the set of all possible ways of partitioning

node Θkd into B branches based on attribute j and φ ∈ Φ(Θkd, j) be one such partition.

φ∗ is the adopted partition as it is the most optimal in terms of decreasing the impurity

of child nodes. When a partition is enforced, φ(z), 1 ≤ z ≤ B is the resulting child

node of Θkd at depth d+ 1. For the sake of simplicity we represent φ(z) as Θkd+1. The

probability of landing on branch z from Θkd when splitting based on φ is represented

by p(z). The probability of class y in node Θkd and the probability of class y in branch

z of Θkd are represented by p(y) and p(y|z) respectively.

4.2.1 Gini Impurity

Individual decision trees within a RF, use conditional rules to recursively partition a

sample Θkd in an attempt to produce pure child nodes with instances belonging to the

same class. Although the Gini Index (GI) [159] was the original measure chosen by

Brieman [18] for measuring the level of decrease in impurity along a RF decision tree

path, it is still widely used due to its general effectiveness [160, 161]. The Gini index of

a node Θkd is defined as follows:

GI (Θkd) = 1−
C∑
y=1

p (y)2 . (4.1)

Given that a partition φ ∈ Φ(Θkd, j) splits Θkd into B child nodes (φ(z)), the resulting

decrease in impurity is calculated as follows:

δGI (φ) = −
C∑
y=1

p (y)2 +

B∑
z=1

p (z)

C∑
y=1

p (y|z)2 . (4.2)

1Note that although Xk is drawn from X, the latter is a set while the former is a multiset.
2The terms sample and node are used interchangeably in this text since they are closely related.
3See section 4.4 for the list of conditions that lead to the end of node splitting.
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Here, the GI is used to measure the impurity of Θkd and the weighted impurity of its

child nodes (φ(z)). δGI (φ) is therefore a measure of the change in impurity caused

by the partition φ; it is commonly referred to as the Gini impurity [153] metric for

simplicity4. The optimal partition φ∗ for splitting a node Θkd on attribute j∗ is deduced

as follows:

φ∗ = argmax
φ∈Φ(Θkd,j)

δGI (φ) . (4.3)

Note that attribute j∗ is the feature that yields the highest value of δGI (φ) after consid-

ering all possible split values from all features j. The process of training a RF classifier

is essentially an iterative algorithm (commonly referred to as Forest-RI) in which a node

Θkd is split into its child nodes. Each child node Θkd+1 is likewise split and this process

continues until specified conditions such a maximum node purity level or depth, are met.

During each iteration, a predefined number of features is chosen randomly, without re-

placement. This extra level of stochastic behaviour distinguishes the RF algorithm from

bagging and facilitates greater variation among the trees of a RF.

4.2.2 Random Forest Strength

In the typical RF algorithm, N instances are drawn from the training set with repetition.

On average, a third of the training set is not used by each tree, due to this bootstrapped

sampling [159]. This excluded collection of instances is known as the Out Of Bag (OOB)

set, which is useful for determining feature importance as well as RF internal estimates

for error, strength and correlation; in the context of the training set [18].

Let Po(x, y) be the proportion of votes allocated to class y when an OOB instance

(x, y),x 6∈ Θk0 is classified by the RF trees. This proportion is defined by:

Po (x, y) =

∑T
k=1 I (hk (x) = y; (x, y) ∈ Ok)∑T

k=1 I ((x, y) ∈ Ok)
, (4.4)

where Ok is the OOB set for classifier hk (x). It follows that X \Xk = Ok. I(c) is an

indicator function which returns 1 if the condition c is true and 0 otherwise. The margin

on an OOB instance reflects the extent to which votes for the correct class exceed votes

for any other class and is represented by:

mr (x, y) = Po (x, 0)− C
max
y=1

Po (x, y) . (4.5)

4Although it should ideally be referred to a the change in Gini impurity, we also follow this convention
for the sake of consistency. Going forward, GI and δGI are used to denote Gini Index and Gini impurity,
respectively.
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The strength of a RF is an internal measure of the average expected margin over the

whole training set [159]:

s(X) =
1

N

N∑
i=1

mr (X (i, )) . (4.6)

4.2.3 Random Forest Variable Selection Methods

Although RFs are predominantly used as classifiers, one of their important byproducts is

variable importance measures. There are two such common measures: MDI and MDA.

4.2.3.1 Mean Decrease Impurity

MDI is also referred to as Gini importance and it measures the average Gini impurity

δGI for a given training set X and feature j, as shown below:

MDI(X, j) =
1

T

T∑
k=1

∑
Θkd∈hk:Θk0=Xk

∑
φ∈Φ(Θkd,j)

δGI (φ) I(φ = φ∗ ∧ j = j∗), (4.7)

where I(φ = φ∗ ∧ j = j∗) is an indicator function call which returns 1 if j yields the

optimal split φ∗ and 0 otherwise. Equation 4.7 is essentially computing the average

δGI arising from all the cases during the induction of h(x) when feature j yields an

optimal split. An attribute j will have a high MDI value if it frequently yields high δGI

values during RF induction. MDI is a typical example of an embedded feature selection

method since it utilizes information generated in the RF learning process; this makes

it a computationally attractive option. Its overhead in terms of space is of the order A

since it needs to keep track of total Gini impurity values for each attribute. This method

is however not often used because of its bias towards variables with multiple values [19],

this means that any real valued variable is likely to generate lower impurity scores than

a binary valued one. This drawback makes the feature rankings that are generated by

this method less objective [153, 162], since typical dataset features do not necessarily

have the same value distribution.

4.2.3.2 Mean Decrease Accuracy

MDA evaluates variable importance based on the relative OOB error rate when an entire

feature is replaced with its identically distributed perturbed version. In order to formally

describe this process, we introduce some extra notation. Let X̄ represent a modified

version of a training set X such that X̄( , j) is a randomly generated permutation of
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X( , j), where 1 ≤ j ≤ A. Let X̃(v) represent another modified version of X such that

X̃(v)( , v) = X̄( , v) and X̃(v)( , j) = X( , j) for j 6= v, where 1 ≤ j, v ≤ A. We define

a mapping function ℘(x, v) : X 7→ X̃(v) that generates elements ℘(x, v) ∈ X̃(v) which

are adaptations of x ∈ X such that the vth attribute is perturbed. We use the term

perturb to refer to the process of replacing every instance’s value for attribute v with

the corresponding permuted value in X̄( , v).

Given a classifier hk, we define its OOB error as the rate of incorrect classifications over

Ok as follows:

OOB Error (k) =

∑
x∈X I (hk (x) 6= y; (x, y) ∈ Ok)

|Ok|
. (4.8)

A similar error rate can be formulated for X̃(v) as follows:

OOB Error(v) (k) =

∑
x∈X I (hk (℘(x, v)) 6= y; (x, y) ∈ Ok)

|Ok|
. (4.9)

The MDA of an attribute j with respect to a classifier hk aggregates the abovementioned

error rates as follows:

MDA(j) =

T∑
k=1

OOB Error(j) (k)−OOB Error (k)

T
. (4.10)

Any attribute j will demonstrate the highest MDA if it has the highest dissimilarity

between X( , j) and X̃(j)( , j). Conversely, if a random permutation of j yields little

difference in MDA when compared against its original version, j is assumed to be of

little importance since its specific values do not seem to make any difference with respect

to classification accuracy. MDA is generally preferred over MDI because of its better

tolerance of the different levels of feature value granularity [19, 153, 162]. It is however

computationally expensive since it requires the training of T trees followed by the testing

of each of these trees, A times; since each attribute has to be perturbed.

4.3 Proposed MDI Improvements

We propose two avenues for improving MDI. The first is the replacement of the Gini

impurity with a similar but computationally more effecient alternative, Purity Gap Gain

(PGG). The second is the incorporation of the concept of random feature value permu-

tation observed from MDA. We ultimately seek to reduce the susceptibility of MDI to

feature value granularity, so as to jointly optimize the effectiveness and efficiency RF

feature selection.
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4.3.1 Purity Gap Gain

The first difference between PGG and Gini impurity is the use of a product of node

proportions instead of the Gini Index (GI). One of these proportions is known as node

purity [163] and is defined as follows:

p̂ (Θkd) =
C

max
y=1

p(y). (4.11)

The other proportion is simply the minimum class proportion within a node. The

concept of purity gap effectively rewards a smaller difference between the maximum and

minimum proportions within a node as shown below:

PG (Θkd) = 1− C
max
y=1

p(y)
C

min
y=1

p(y). (4.12)

PG is maximized when the minimum and maximum proportion in a node are the same.

In the case of two classes, this occurs when each class has a proportion of 1
2 . Thus PG

models GI in that it is maximized when class proportions are equal in a node and it is

minimized when there is a clear bias towards one of the class proportions. A notable

difference between Equations 4.1 and 4.12 is the computational simplicity of the latter

over the former. PG simply deduces the maximum and minimum class proportions,

while the Gini index requires the calculation of the sum of all class proportions squared

within a node. PGG is the weighted average change in PG over a branch from Θkd to

Θkd+1 as defined below:

PGG (φ) =

B∑
z=1

p (z)PG (φ(z))− PG (Θkd) . (4.13)

Although we have previously explored the concept of PGG for measuring RF tree con-

fidence [164], its implementation in this study is simpler5 and geared more towards

mimmicking GI in an efficient manner.

4.3.2 Relative Mean Decrease Impurity

Inspired by MDA, we adopt the concept of Relative Mean Decrease Impurity (RMDI)

proposed by Nguyen et al. [165], which captures the difference between the MDI values

derived from X( , j) and X̃(j)( , j) as shown below:

RMDI(j) = MDI(X, j)−MDI(X̃(j), j). (4.14)

5Information about node depth is not considered in the current implementation.
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In contrast to MDA, feature permutations are introduced at the start of the learning

phase of a RF. Once a permutation of each feature is generated, these are injected

into the dataset such that the number of features is now 2A. If the number of features

randomly selected during each iteration of Forest-RI is predetermined as A, the modified

learning algorithm would generally take twice as long to train. It is however important

to note that if common convention [18, 159] is followed, the computational overhead of

the modified algorithm is reduced to
√

2A −
√
A, since

√
2A features are now selected

instead of
√
A.

Although the split values of permuted attributes are actually computed, nodes are never

split based on such attributes, in order to retain the integrity of RF training. φ∗ is

therefore restricted to original features only; permuted features are mainly used for

offsetting the total split scores of original features. Instead of simply observing the MDI

of an attribute as a measure of attribute importance, we now consider how different

this MDI is from the MDI of a permuted version of the attribute. We envisage that

the incorporation of this relative comparison will offset the MDI’s bias towards multi-

valued attributes. Although RMDI may result in a slight increase in computational

requirements when compared to MDI, the resulting time complexity will still be superior

to that of MDA.

While the emphasis of the study by Nguyen et al. [165] was on reducing RF bias in the

context of high dimensional data, the concept of RMDI is incorporated into this study

mainly for its reported effectiveness in reducing bias towards multivalued features. Our

ultimate goal is a suitable means of selecting the most discriminative feature from a

set of proposed Gabor features for use in automatic thresholding. It is important that

such a selection should be robust to the varying granularity of these features, to avoid

a skewed outcome.

4.4 Experimental Protocol

The experiment used in this study is designed to achieve 2 objectives: 1) to assess

the reliability of RMDI as a feature selection strategy and 2) to provide a preliminary

comparison between Gini impurity and PGG and split metrics during RF induction.

All experiments were conducted using our own C++ implementation of dichotomous

(B = 2) RFs that use the following standard settings [18, 159]:

� Each RF is made out of T = 100 trees.

� The number of randomly selected attributes at each node of a tree is set to
√
A.



Chapter 4. Random Forest Feature Selection 46

� The size of each bootstrapped sample Φk0 is N , the size of X.

� Node splitting is stopped when either |Θkd| ≤ 5, p̂(Φkd) = 1, or a depth d = 30 is

reached.

Experiments were conducted on a Windows PC6 and took a combined running time of

approximately 1 hour 30 minutes over all data sets.

4.4.1 Experiment Description

To achieve the first objective, we perform repeated random sub-sampling validation 30

times. In each case, the dataset is split using an 80%:20% split ratio into training and

validation data respectively. Feature ranking is based on RMDI scores achieved on the

training data. We partition the feature set into strong and weak features using the top

and bottom half of features in the RMDI rank respectively. The corresponding validation

data is then used as a training sample for strong and weak features separately. We then

calculate the strengths of the strong and weak feature based RFs, as defined in equation

(4.6). We use the paired T-test to determine whether the mean difference between the

two RF strengths is zero. We formally define our hypotheses as follows:

� The null hypothesis (H0) assumes that the true mean difference (µd) between the

strengths of the strong and weak feature based RFs is zero.

� The alternative hypothesis (H1) assumes that µd is non zero.

If RMDI is a reliable means of feature selection, the experimental results should demon-

strate sufficient evidence for us to reject (H0) in favor of (H1). Since the two forests

utilize features of different combined usefullness, we do not expect their average strengths

to be equal.

To achieve the second objective, we compare the strengths and running times of the RFs

based on strong features for both Gini impurity and PGG. The same dataset splits are

used in each case; the main difference is the split criteria used for RF induction. We are

primarily interested in comparing the effectivess and efficiency of these two metrics.

4.4.2 Data Sets

The effectiveness of the methods proposed in this study is tested using 4 data sets from

the UCI repository [166]. These data sets are drawn from Robnik [159] and Breiman’s

62 cores running at 2.70GHz and 2GB of RAM.
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[18] studies on RFs. The characteristics of the chosen data sets are summarized in

Table 4.1, which reveals the diversity of the problems represented, in terms of data set

size (N∗)7, number of features (A) and number of classes (C).

Table 4.1: UCI Datasets

Dataset N∗ A C Dataset N∗ A C

ecoli 336 7 8 segmentation 2310 19 7
ionosphere 351 34 2 sonar 208 60 2

4.5 Results

After features are sorted using RMDI scores derived from RF induction, features in the

top half of this sorted list are presumed to be weaker8 than those in the bottom half.

Similarly, subsequent RFs built from the top half of this sorted list should ideally be

weaker than those built from the bottom half. Tables 4.2 - 4.5 present the strengths

of 30 RF pairs, using top and bottom half features. RFs are induced twice, using δGI

and PGG as alternative split metrics. The headings δGI T and PGG T identify RFs

built using the top half features when sorting is based on δGI and PGG based RMDI

respectively. Likewise δGI B and PGG B are associated with the bottom half features.

RFs that were built using all features9, consistantly showed lower strengths than those

built from either top or bottom half features. This emphasizes the importance of feature

selection for improved classification.

We observe that the relative strengths of the majority of RF pairs were in line with

our expectations. The ecoli and segmentation datasets each had only one anomaly in

a PGG based RF. Out of 60 RF inductions, the isonosphere and sonar datasets had 10

and 6 odd cases respectively. It can be noted that the datasets with one anomaly have

an odd number of features (A). A likely reason for this outcome is the fact that the

top half of sorted features was smaller than the bottom half. Since the bottom half had

stronger and more features than the top half, it is expected that the strengths of RFs

corresponding to the former would be higher than those of the latter.

We use the mean (µ) strength over 30 RF inductions to rate the relative effectiveness

of the 4 RF categories. This comparison is objective since for each run, the same Θk0

is used to induce 4 different RFs. These mean values also confirm that the top half

features were weaker than the bottom half for all datasets. A comparison of δGI B and

PGG B mean RF strengths shows that the δGI based RFs were stronger than their PGG

7This value is larger than N , the size of a training set, X which is drawn from a data set.
8Sorting is done in ascending order, hence the list is arranged from weakest to strongest.
9These results have not been reported in Tables 4.2 - 4.5 to avoid redundancy.
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counterparts in all cases except the sonar dataset. These findings are also confirmed by

the paired T-test which yields p-values less that 1% for each of the comparisons: δGI T

vs δGI B, PGG T vs PGG B and δGI B vs PGG B. This indicates that there is less

than 1% likelihood that the observed trends are a mere coincidence, hence we reject the

null hypothesis (H0) in favor of the alternative hypothesis (H1).

Table 4.2: Ecoli Dataset Random Forest Strengths

Run δGI T δGI B PGG T PGG B

1 -0.027146 0.389795 0.047715 0.070317
2 0.152976 0.436591 0.043644 0.076737
3 0.152096 0.387711 0.050019 0.104831
4 0.145038 0.365383 0.087261 0.149182
5 0.061024 0.416723 0.094282 0.161514
6 0.181508 0.444353 0.160363 0.07783
7 -0.023615 0.408102 0.071638 0.117691
8 -0.00364 0.391702 0.083588 0.142523
9 0.02483 0.415895 0.092955 0.137078
10 0.170839 0.441432 0.057166 0.107488
11 0.019756 0.415132 0.079084 0.106102
12 -0.007194 0.431746 0.08335 0.124272
13 0.150296 0.442049 0.080319 0.114403
14 0.076479 0.445552 0.049069 0.132312
15 0.058208 0.441629 0.089712 0.102199
16 0.157126 0.459481 0.084636 0.13876
17 0.003931 0.421854 0.081421 0.092023
18 -0.01861 0.420028 0.04713 0.083462
19 0.042306 0.430415 0.091708 0.162491
20 0.182107 0.45673 0.050223 0.104296
21 0.049584 0.420147 0.078497 0.142797
22 0.029947 0.423455 0.032072 0.117826
23 0.021469 0.414482 0.065759 0.105622
24 0.004867 0.387004 0.091882 0.130458
25 0.013595 0.406981 0.04701 0.134774
26 -0.004538 0.371943 0.047229 0.093141
27 0.085616 0.428243 0.082603 0.136401
28 0.098499 0.449171 0.024366 0.094602
29 0.066641 0.415959 0.062593 0.100947
30 -0.035408 0.400474 0.068714 0.125563

µ 0.0609529 0.419338733 0.070866933 0.116254733

In proposing PGG as a split metric, we sought to provide an effective and efficient

alternative to δGI. Figure 4.1 demonstrates that over all datasets, experiments using

PGG had lower computational overhead than those using δGI. The difference in running

times seems to get more pronounced as the dataset size increases. We observe that the

mean strengths for δGI B and PGG B were close in value (0.5795 vs 0.5453), with fewer

anomalies for the latter than the former over the isonosphere dataset. This could be an

indication that the PGG split metric is promising in such contexts.
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Table 4.3: Isonosphere Dataset Random Forest Strengths

Run δGI T δGI B PGG T PGG B

1 0.556447 0.582385 0.514891 0.511525
2 0.550569 0.590034 0.481161 0.555759
3 0.560526 0.570626 0.484594 0.543271
4 0.516025 0.556717 0.525872 0.524723
5 0.520416 0.599395 0.490189 0.549813
6 0.568939 0.560921 0.53242 0.533997
7 0.561062 0.586017 0.510265 0.560203
8 0.519336 0.582497 0.482497 0.556673
9 0.530046 0.61077 0.50587 0.551568
10 0.508288 0.56497 0.541541 0.540246
11 0.589797 0.568449 0.524403 0.500343
12 0.585577 0.574657 0.540212 0.524845
13 0.545405 0.570824 0.524202 0.558661
14 0.541053 0.582383 0.485662 0.544718
15 0.545074 0.612689 0.50907 0.543123
16 0.513623 0.566544 0.488532 0.565566
17 0.541315 0.576777 0.493366 0.539206
18 0.556248 0.596467 0.476581 0.568932
19 0.546211 0.590314 0.484315 0.564066
20 0.551437 0.542613 0.473955 0.523157
21 0.541913 0.569445 0.515962 0.527477
22 0.582216 0.557931 0.500887 0.528861
23 0.52593 0.560144 0.55522 0.557496
24 0.567995 0.587164 0.47623 0.549819
25 0.539891 0.573105 0.507317 0.533809
26 0.528445 0.589206 0.505377 0.535757
27 0.553018 0.586033 0.504947 0.572588
28 0.538827 0.584156 0.497916 0.552165
29 0.597805 0.589895 0.501625 0.575789
30 0.545177 0.602018 0.525964 0.566263

µ 0.547620367 0.579504867 0.5053681 0.5453473
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Table 4.4: Segmentation Dataset Random Forest Strengths

Run δGI T δGI B PGG T PGG B

1 0.280749 0.451078 0.026682 0.216214
2 0.382937 0.443338 0.065954 0.210795
3 0.150113 0.471911 0.02725 0.190696
4 0.307423 0.430391 0.084253 0.147266
5 0.275586 0.436293 0.070093 0.148077
6 0.184008 0.46554 0.06357 0.174442
7 0.292195 0.442552 0.06355 0.155224
8 0.173639 0.446667 0.057788 0.16547
9 0.353221 0.455366 0.074285 0.154391
10 0.269949 0.451071 -0.000421 0.217403
11 0.385196 0.449063 0.035755 0.202914
12 0.387249 0.423394 0.085668 0.176955
13 0.373037 0.457085 0.129758 0.125576
14 0.261068 0.445298 0.044706 0.182459
15 0.286878 0.473829 0.063416 0.148759
16 0.365537 0.443747 0.06488 0.170588
17 0.033245 0.471337 0.076697 0.16636
18 0.244264 0.461377 0.063161 0.149092
19 0.315729 0.426779 0.072084 0.154189
20 0.205651 0.472926 0.079125 0.167418
21 0.140948 0.434108 0.125577 0.130802
22 0.215783 0.41543 0.08794 0.169451
23 0.149275 0.461224 0.047319 0.149366
24 0.276067 0.434075 0.099273 0.10654
25 0.301123 0.49464 0.067388 0.167487
26 0.242784 0.496258 0.042917 0.181709
27 0.021848 0.458347 0.041644 0.169971
28 0.196497 0.448907 0.082877 0.128287
29 0.289368 0.424298 0.083893 0.142953
30 0.317692 0.443497 0.053572 0.17874

µ 0.255968633 0.4509942 0.0660218 0.164986467
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Table 4.5: Sonar Dataset Random Forest Strengths

Run δGI T δGI B PGG T PGG B

1 0.277886 0.267121 0.196934 0.345602
2 0.271027 0.279378 0.189782 0.30134
3 0.218538 0.287594 0.221478 0.268406
4 0.293588 0.264731 0.215746 0.320396
5 0.250705 0.307684 0.248996 0.302134
6 0.252636 0.259464 0.197973 0.296295
7 0.302454 0.30526 0.204969 0.320364
8 0.2361 0.28515 0.268867 0.317392
9 0.207769 0.337482 0.317218 0.310252
10 0.1418 0.289696 0.226896 0.316504
11 0.187644 0.263049 0.23491 0.283686
12 0.216668 0.325378 0.224855 0.364993
13 0.217332 0.285277 0.209871 0.317247
14 0.262298 0.329419 0.244875 0.313514
15 0.247052 0.264555 0.264563 0.334389
16 0.271854 0.287196 0.290693 0.290879
17 0.283797 0.262356 0.227599 0.289655
18 0.212502 0.272545 0.170465 0.326425
19 0.184329 0.274708 0.226859 0.325275
20 0.264698 0.271629 0.305203 0.26897
21 0.249948 0.274471 0.282349 0.299947
22 0.279594 0.322566 0.169293 0.295569
23 0.241776 0.257334 0.205737 0.294691
24 0.199526 0.287055 0.284262 0.313362
25 0.273647 0.299759 0.266106 0.333127
26 0.258242 0.288529 0.263361 0.271273
27 0.259743 0.281895 0.309879 0.301405
28 0.255122 0.325952 0.200246 0.306815
29 0.256761 0.285733 0.192828 0.293787
30 0.191721 0.313998 0.315653 0.28764

µ 0.242225233 0.288565467 0.2392822 0.307044467



Chapter 4. Random Forest Feature Selection 52

Figure 4.1: Running times by dataset and split metric

In order to evaluate the potential of using RMDI scores for feature ranking, we observe

a sample of actual feature ranks from the ecoli dataset10 in Table 4.6. Although the δGI

metric seems to produce varying ranks, some intuitive finding can be made. It can be

noted that features 2 and 3 are generally weak, since they consistently occur within the

top two rank positions. In contrast to this, feature 5 potentially has high discriminative

power since it prominantly occurs within the bottom half of the ranking order. The

PGG metric showed greater stability than δGI, with only one variation in ranking order

throughout all 30 runs. This variation happens to be the only anomaly for the PGG

metric over the ecoli dataset. This observation once again demonstrates the potential

of PGG as a split criteria in RFs.

Table 4.6: A Sample of Ecoli Dataset Feature Ranks

Run
Feature Ranks

δGI PGG

1 2, 3, 4, 0, 1, 6, 5 0, 1, 2, 3, 4, 5, 6
2 2, 3, 6, 0, 5, 1, 4 0, 1, 2, 3, 4, 5, 6
3 3, 2, 0, 4, 6, 1, 5 0, 1, 2, 3, 4, 5, 6
4 3, 2, 0, 1, 4, 5, 6 0, 1, 2, 3, 4, 5, 6
5 2, 3, 1, 6, 0, 4, 5 0, 1, 2, 3, 4, 5, 6
6 3, 2, 6, 4, 1, 0, 5 1, 5, 3, 6, 4, 2, 0

10This dataset is easier to analyse since it has fewer features. Only the first 6 runs have been shown;
displaying all 30 runs is redundant as PGG yielded the same outcome except for run 6
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4.6 Conclusion

This study sought to improve the MDI RF feature selection approach by proposing a

new split metric (PGG) and applying the RMDI feature score. PGG has shown potential

for use in large datasets as its effectiveness and efficiency seemed more pronounced in

this context. Given the fact that RFs comprising features with higher RMDI scores

had higher strength and the datasets used included multi-valued predictor variables, we

conclude that our approach was reliable in partitioning strong and weak features. The

observed rankings were however generally very fluid, making it difficult to establish a

clear order of features in terms of discriminative ability.

In the next chapter, we apply the proposed methods to retinal image data and continue

our quest for a suitable feature ranking mechanism based on RFs in that context.



Chapter 5

Retinal Image Enhancement

through Gabor Features

5.1 Introduction

Gabor filters are based on Gaussian modulated sinusoidal waves [167, 168], making them

effective in contexts such as vessel enhancement, which rely on both texture and line

detection. Although Gabor filters are a suitable vessel enhancement operator, poten-

tial drawbacks include dependence on response normalization and parameter tuning.

Sub-optimal normalization can lead to image blurring, poor contrast and false vessel

detection. Poor parameter selection can lead to the suppression of vessels that should

otherwise be enhanced. Kyrki et al. [169] highlight the significance of illumination invari-

ance for object recognition and recommend normalized Gabor filters for implementing

it. The robustness of Gabor filters has traditionally been ensured through rotation and

scale invariance. Li et al. [170] modify Gabor filters to include a scale parameter in a

bid to increase the detection of vessels of varying width.

Previous applications of Gabor filters to retinal image segmentation [17, 101, 171–174]

have typically made use of a bank of filters, each with varying orientation and scale.

Vessel enhancement is generally achieved at pixel level by superimposing the maximum

real or wavelet response over an entire bank of filters. The maximum response is generally

used without empirical justification and consideration of other possible features. In this

chapter we introduce two new Gabor features: average magnitude response and response

convexity, in a bid to further enhance retinal blood vessels. We subsequently apply our

RF feature selection scheme on a retinal image dataset in order to confirm the most

effective feature for later use in automatic thresholding.

54
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5.2 Gabor Filters

Gabor filters convolve images with a sinusoidal Gaussian modulated function that is

sensitive to orientation, frequency and bandwidth [168]. The filter response is a complex

number with real and imaginary components that are orthogonal [175]. This results in

four options for representing the filter response, namely the real, imaginary, phase and

magnitude components. The real component can be represented as follows:

greal(x, y, λ, θ, ψ, σ, γ) = G(x′, y′, σ, γ)W1(x′, λ, ψ), (5.1)

where G, W1, x′ and y′ are defined by the respective equations (5.2-5.6) below.

G(x′, y′, σ, γ) = exp

[
−π

(
x′2

σ
+
γy′2

σ

)]
. (5.2)

W1(x′, λ, ψ) = cos

(
2π
x′

λ
+ ψ

)
. (5.3)

W2(x′, λ, ψ) = sin

(
2π
x′

λ
+ ψ

)
. (5.4)

x′ = x cos θ + y sin θ. (5.5)

y′ = −x sin θ + y cos θ. (5.6)

The imaginary component, gimaginary is defined in a similar manner to equation 5.1,

except W1 is replaced with W2. The phase (gphase) and magnitude (gmagnitude) are cal-

culated by arctan
gimaginary

greal
and

√
g2
real + g2

imaginary respectively. The Gaussian envelope

is represented1 by G [169] while the sinusoidal wave is represented by W . The wave-

length and phase-offset of the sinusoidal wave are symbolized by λ and ψ respectively.

The angle of orientation is represented by θ while the sigma and aspect ratio of the

Gaussian envelope are represented by σ and γ respectively. The co-ordinates of the

point to be filtered are represented by x and y. The half response bandwidth, b of the

Gabor filter is measured in octaves and is used to regulate the spread and shape of the

filter. It is related to σ and λ according to equation (5.7) [176]. Given λ and b, it is

therefore possible to calculate σ based on equation (5.7).

σ

λ
=

1

π

√
ln 2

2

[
2b + 1

2b − 1

]
. (5.7)

1This representation was chosen because it emphasizes the individual contributions of the x and y
coordinates on the filter orientation.
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Gabor filters are suited for texture segmentation and are known to be a good model of

how the human visual system processes light signals [177]. Their effectiveness is however

hindered by the tedious task of parameter selection. Research that implements Gabor

filters therefore usually either uses predetermined parameters or has an elaborate optimal

parameter selection process. Cross sections of blood vessels which are perpendicular to

the direction of blood flow usually have a Gaussian grey level distribution. As such,

Gabor filters are seen as effective features for vessel detection.

5.2.1 Gabor Filter Parameters

The Gabor filter requires several parameters to be tuned based on the context of ap-

plication. Having explored the real component of the Gabor filter in a previous study

[178], we consider the magnitude response in this work as it aggregates both real and

imaginary components. We compare its discriminative ability against that of a few other

Gabor features in order to validate its superiority. A phase offset of 0 is used due to

the fact that every retinal pixel is overlapped by the center of a kernel window when it

is convolved. This means that the peak of the Gabor wave will correspond to the pixel

being convolved. We essentially measure the correlation between a two dimensional

neighbourhood profile centered on a given pixel and the Gabor kernel.

In standard data sets such as the DRIVE and STARE collections, the width of a retina

vessel may lie within the range of [2, 10] pixels [179]. In order to detect a complete

vessel profile at a given pixel, a wave needs to be centered on the vessel’s cross section

and be oriented in the direction of the vessel. Additionally, the kernel window needs to

be large enough to capture the vessel’s neighbourhood so that the Gabor filter response

is effectively contextualized. A kernel size of 21x21 pixels was used in this study. Kernel

sizes larger than this were explored but they did not lead to any improvement in results.

The spread of the Gaussian function in the kernel is ensured by using a bandwidth of

0.25 octaves in all experiments. The ellipticity of the Gabor filter is implemented using

an aspect ratio of 0.75. The wavelengths that are used in this study are 4, 8 and 12.

Wavelengths of less than 4 pixels were found to be susceptible to noise interference.

The orientations are rotated by 15 degrees in the range [0, 180) degrees as is the case

in previous literature [12]. All possible combinations of wavelength and orientation are

considered, resulting in a filter bank of size 36. Each of these wavelength-orientation

combinations is used to create a Gabor kernel of size: 21x21 pixels. Every retinal pixel is

convolved with each of these kernels, resulting in 36 Gabor filter responses. Non-retinal

pixels within the kernel’s corresponding image window are not convolved. The response
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image comprises of the highest Gabor filter response for each pixel. This image will

subsequently be thresholded in order to yield a binary image.

Given the fact that Gabor filter banks generally yield a wealth of information describ-

ing pixel neighbourhoods, we ponder on the possibility of other ways of aggregating

this information into a single feature value. We propose two new features: average

magnitude and response convexity and compare their discriminative ability against the

traditional maximum response approach. The RF techniques from the previous chapter

are enhanced to enable the identification of superior features based on the correlation of

reciprocal ranks with RF strengths. The primary objective is to establish/confirm the

relative discriminative ability of the maximum response against the proposed features.

5.2.2 Gabor Filter Normalization

The Gabor Filter Response (GFR) may be affected by the general illumination of a

pixel’s neighbourhood. Hence, normalization is essential to ensure illumination invariant

responses [169]. In general, normalization has the effect of scaling responses down to a

specific range whilst attempting to either preserve desired characteristics of an image or

suppress noise.

Figure 5.1: Gabor kernel superimposed on 2 surfaces of constant intensity.

Illumination variation is suppressed when regions of constant illumination generate a

zero response. In this case, non-zero responses are strictly a result of line detection

as opposed to high pixel intensities. Figure 5.1 shows a surface plot of a Gabor filter

kernel with a size of 21x21 pixels. This filter has been generated using equation (5.1)

with a bandwidth of 0.25 octaves, a wavelength of 8 pixels, an aspect ratio of 0.75 and

an orientation of 45 degrees. The filter is superimposed on two surfaces of constant

intensity. Surface A represents an image of size 21x21 pixels, each of which has an
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intensity of 0.5. Surface B represents a slightly darker image of the same size with an

intensity of 0.2. If this Gabor filter were illumination invariant it would produce the

same response when filtering each surface. It however produces a response of 1.0173 and

0.4069 for surface A and B respectively. An effective normalization method is needed to

complement this filter such that it is illumination invariant.

This study incorporates base-offset encoding to Gabor filter normalization in a bid to

avert illumination inconsistency and improve vessel enhancement in retinal images [178].

The base-offset encoding scheme is a common lossless compression method that is ade-

quate for medical images [180].

A given neighbourhood in an image exhibits smoothness when its pixels have a high

similarity with each other. In such a case, the difference between the maximum and

minimum intensity in the neighbourhood is small. This property may be used to effi-

ciently encode the intensities by representing them based on their relative distance from

a chosen base intensity. In this study, the median of an image window is used as the

base. Effectively, this technique reduces the importance of the actual intensity whilst

emphasizing on its relative intensity within a neighbourhood. Algorithm 1 describes the

proposed new method in the case of a median offset. The algorithm accepts an input

image that has been convolved with the scaled Gabor equation defined as:

g′(x, y, λ, θ, ψ, σ, γ) =

√
γ

2πσ2
g(x, y, λ, θ, ψ, σ, γ). (5.8)

The scale factor represents the inverse of the volume under the Gaussian surface [181]

and this volume is equivalent to the sum of intensities on the surface. The scale factor

therefore ensures that the integral of the Gaussian surface in the Gabor kernel window

sums up to one. The median is calculated from a window that is cropped around a

center pixel and has the same size as the Gabor kernel. This median is used as the

base for calculating offsets within the cropped sub-image because it generally preserves

raw intensity values as its computed value is one of the actual intensities in an image

window. The resulting filtered image is therefore likely to have a high resemblance of

the original image. This is not the case with bases such as the mean as they do not

necessarily correspond to an existing intensity in an image window. The median offset

yields both negative and positive values when used as a base. This is desirable in order

to capture relative intensity information within an image window.
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Algorithm 1 Calculation of Median-offset GFR, IMGR, of an image, Isrc

Require: Isrc: Source Image

Require: Kw×w: Normalized Gabor kernel of size w × w
Ensure: IMGR: Median-offset normalized Gabor filter Response image

1: for all pixel(x, y) in Isrc do

2: rxy := 0

3: Cw×w = Square sub-image of Isrc centered at (x, y) and of width w

4: mxy = median value of Cw×w

5: for i := −w
2 to w

2 do

6: for j := −w
2 to w

2 do

7: offset := Isrc(x+ i, y + j)−mxy

8: rxy := rxy + (offset×Kw×w(i, j))

9: end for

10: end for

11: IMGR(x, y) := rxy

12: end for

5.3 Proposed Secondary Gabor Features

A Gabor filter bank convolves an image surface and produces a 2-dimensional output

corresponding to a predefined orientation and scale space, for each pixel. Besides the

maximum response, we propose two new descriptors of this output space, these are

described below. We also consider the response generated in the orientation orthogonal

to that of the maximum response, at the same wavelength. This is a simple feature that

may be useful at differentiating normal blood vessels from pathological landmarks which

may not have the same normal to orthogonal response ratios.

5.3.1 Average Magnitude Response

This feature captures the general magnitude response across the entire parameter space.

Algorithm 2 outlines how an input image Isrc is enhanced using a filter bank B, com-

prising |Θ| ∗ |Λ| Gabor kernels of the form B(θ, λ)w×w.
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Algorithm 2 Calculation of Average Magnitude Response, IAMR, of an image, Isrc

Require: Isrc: Source Image

Require: B(θ, λ)w×w: Gabor kernel of size w × w, orientation θ and wavelength λ

Require: Θ = {θ0, . . . θt}: Orientation space

Require: Λ = {λ0, . . . λl}: Wavelength space

Ensure: IMGR: Average Magnitude Response image

1: for all pixel(x, y) in Isrc do

2: rxy := 0

3: Cw×w = Square sub-image of Isrc centered at (x, y) and of width w

4: mxy = median value of Cw×w

5: for i := −w
2 to w

2 do

6: for j := −w
2 to w

2 do

7: offset := Isrc(x+ i, y + j)−mxy

8: for all θ in Θ do

9: for all λ in Λ do

10: rxy := rxy + (offset×B(θ, λ)w×w(i, j))

11: end for

12: end for

13: end for

14: end for

15: IMGR(x, y) :=
rxy
|Θ|∗|Λ|

16: end for

It thus measures the uniformity of responses over the entire orientation and wavelength

spectrums. Small values will generally indicate the presence of pixels in non-linear and

non-scalable objects, and vice versa for large values.

5.3.2 Response Convexity

This feature can be interpreted as a measure of how regular a pixel’s neighbourhood

is. We expect vessels to have more regular neighbourhoods than pathological structures

which may have irregular boundaries. We measure the cummulative magnitude response

for each predefined orientation then we plot a radar chart based on these totals as shown

in Figure 5.2. Convexity is common image processing shape descriptor that is defined as

the ratio of the surrounding convex hull perimeter over an object’s perimeter [102]. In

this case, the object is a radar chart generated from Gabor filter responses. We expect

that a normal blood vessel will have a high convexity since magnitude responses should
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be highest along the vessel’s orientation and they gradually decrease as the corresponding

orthogonal orientation is approached.

Figure 5.2: Convex hull based on magnitude responses

5.4 Computing RMDI on Retinal Gabor Features

We intend using RMDI as an importance measure that selects the feature with greatest

potential for effectiveness during automatic thresholding. We first describe our pro-

posed method for selecting the most effective feature then outline how the identified

Gabor features: maximum response, average magnitude response, response convexity

and orthogonal magnitude; are extracted from the training set images of the DRIVE

dataset.

5.4.1 Reciprocal Ranks and Random Forest Strength

After observing the significant association between RMDI and RF strength in the pre-

vious chapter, we seek a method for quantifying feature effectiveness in the light of

occasional feature rank and RF strength correlation anomalies. We have established

that RMDI feature ranks can be generally unstable2 and are therefore unsuitable for

direct use as selectors of the most discriminative features. We propose using the corre-

lation of reciprocal feature ranks with RF strengths as indicators of how much features

influence RF strength. A reciprocal rank is simply the inverse of a rank; it is a concept

used in Information Retrieval (IR) to score IR systems based on the accessibility of

relevant responses within search query output lists [182].

2As shown in Table 4.6.
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We postulate that an effective feature will influence RF strength mostly when it has a

low rank3. and vice versa for features with high ranks. We measure how well a feature’s

reciprocal rank correlates with RF strength over 30 runs of RF induction. The highest

correlation should ideally indicate the most discriminative feature.

5.4.2 Experimental Protocol

Since RMDI is a RF based feature selection method, we start by noting an important

observation from the few previous studies that were found to employ RFs in the con-

text of retinal images. When applying RFs to blood vessel segmentation, Wang et al.

[150] used convolutional neural network features enforced at pixel level. The authors

noted that due to the large volume of pixels, RF classifier training is susceptible to

large computational time and huge storage space requirements. An automatic super-

pixel based sample selection method was introduced to reduce this overhead. Chang et

al. [149] utilized a pool of hybrid features consisting of modern and classical features

for characterizing retinal image pixels. To train each RF tree, 10 000 separate vessel

and non-vessel samples were randomly selected from each training image. As a result

only about 6% of the available pixels are used when training each RF tree, due to the

sampling. Despite the use of sampling methods during classifier training, the studies

reported segmentation accuracy rates of 97.67% and 94.74% respectively.

Inspired by these previous studies, we utilize a dlib [183] function used to pick initial

points in clustering algorithms like the K-Means method. In a nutshell, it selects a

set of reasonable starting points by picking points that are all well-separated from each

other within the feature space. We use this function to select 10 000 separate vessel and

non-vessel samples from each training image as was done in [149]. To further simplify

this process, we only utilize images 37 - 39 of the DRIVE training set as these seem to

be representative of normal, poorly contrasted and pathology containing retinal images.

We then apply our proposed reciprocal rank correlation metric on our selected Gabor

features.

5.4.3 Results

Tables 5.1 and 5.2 present the reciprocal rank and RF strength correlations from our

retinal image Gabor feature data. We illustrate the intuition behind this presentation

with an example. Run 1 using the GI metric ranked feature 3 as the strongest, followed

by features 0 and 1; feature 2 was the weakest. From the results of the first run, the

3In this case, features are sorted in descending order of RMDI such that a ranks of 1 and 2 yield
reciprocal ranks of 1 and 1

2
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corresponding reciprocal ranks of features 0 to 3 are 0.5, 0.33, 0.25 and 1 respectively.

The correlation of RF strength and reciprocal rank for each feature is calculated at the

bottom of each table. Both Tables 5.1 and 5.2 confirm feature 0 (maximum magnitude

response) as having the highest correlation with RF strength.

It is interesting to note that both the GI and PGG metrics, reveal the same outcome

for highest and second highest correlation, maximum magnitude response and average

magnitude response respectively. The PGG metric is unable to compute a correlation for

response convexity as a DIV/0 error is generated since, the reciprocal rank is constant

for all 30 runs. It is therefore not possible to determine the third and fourth most

effective feature in this context.

Figure 5.3 showcases the image enhancements produced by the maximum magnitude

response feature on images 37 - 39 of the DRIVE dataset. Although Figure 5.3(a)

presents some pathology in the form of hard exudates next to the fovea, our image

enhancement is able to effectively isolate this landmark. Although Figures 5.3(b) and

5.3(c) have different levels of background contrast both have managed to highlight blood

vessels and ignore the fovea. There is however some false enhancements around the optic

disk of each image.

Figure 5.4 shows the enhancements of image 37 of the DRIVE dataset using our proposed

Gabor features. Feature 2, exhibits a lot of noise while Features 1 and 3 are comparable

with Feature 0. Feature 2, Response Convexity is hence not yet suitable for use in image

segmentation.
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Table 5.1: Reciprocal Rank RF Strength Correlations based on GI Metric

Run Rank RF Strength Feature Reciprocal Rank
4 3 2 1 0 1 2 3

1 2 1 0 3 0.169546 0.50 0.33 0.25 1.00
2 0 1 3 2 0.17335 0.25 0.33 1.00 0.50
3 0 2 3 1 0.176465 0.25 1.00 0.33 0.50
4 2 1 3 0 0.172212 1.00 0.33 0.25 0.50
5 1 0 2 3 0.170586 0.33 0.25 0.50 1.00
6 2 3 1 0 0.177599 1.00 0.50 0.25 0.33
7 2 3 0 1 0.166957 0.50 1.00 0.25 0.33
8 3 2 0 1 0.173942 0.50 1.00 0.33 0.25
9 0 3 2 1 0.17302 0.25 1.00 0.50 0.33
10 0 2 3 1 0.174144 0.25 1.00 0.33 0.50
11 0 2 1 3 0.174228 0.25 0.50 0.33 1.00
12 2 1 0 3 0.168828 0.50 0.33 0.25 1.00
13 2 1 0 3 0.171027 0.50 0.33 0.25 1.00
14 2 0 3 1 0.167512 0.33 1.00 0.25 0.50
15 2 3 0 1 0.17182 0.50 1.00 0.25 0.33
16 1 2 3 0 0.170612 1.00 0.25 0.33 0.50
17 2 3 1 0 0.176553 1.00 0.50 0.25 0.33
18 2 0 1 3 0.170706 0.33 0.50 0.25 1.00
19 2 0 3 1 0.171597 0.33 1.00 0.25 0.50
20 1 3 0 2 0.167254 0.50 0.25 1.00 0.33
21 2 3 0 1 0.174186 0.50 1.00 0.25 0.33
22 2 3 0 1 0.164737 0.50 1.00 0.25 0.33
23 2 1 3 0 0.172776 1.00 0.33 0.25 0.50
24 1 3 2 0 0.175263 1.00 0.25 0.50 0.33
25 2 0 1 3 0.171024 0.33 0.50 0.25 1.00
26 2 1 0 3 0.171941 0.50 0.33 0.25 1.00
27 1 2 3 0 0.165692 1.00 0.25 0.33 0.50
28 0 2 3 1 0.170351 0.25 1.00 0.33 0.50
29 2 0 1 3 0.163986 0.33 0.50 0.25 1.00
30 2 3 1 0 0.169495 1.00 0.50 0.25 0.33

SUM 16.50 18.08 10.33 17.58
STD 0.29 0.32 0.19 0.29
COR 0.12 0.06 0.02 -0.21
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Table 5.2: Reciprocal Rank RF Strength Correlations based on PGG Metric

Run Rank RF Strength Feature Reciprocal Rank
4 3 2 1 0 1 2 3

1 2 3 1 0 0.17427 1.00 0.50 0.25 0.33
2 2 3 0 1 0.17011 0.50 1.00 0.25 0.33
3 2 0 3 1 0.165754 0.33 1.00 0.25 0.50
4 2 0 1 3 0.162623 0.33 0.50 0.25 1.00
5 2 1 3 0 0.166112 1.00 0.33 0.25 0.50
6 2 0 3 1 0.171672 0.33 1.00 0.25 0.50
7 2 3 1 0 0.160423 1.00 0.50 0.25 0.33
8 2 0 3 1 0.163049 0.33 1.00 0.25 0.50
9 2 3 1 0 0.170793 1.00 0.50 0.25 0.33
10 2 3 0 1 0.162367 0.50 1.00 0.25 0.33
11 2 0 1 3 0.165896 0.33 0.50 0.25 1.00
12 2 0 1 3 0.159626 0.33 0.50 0.25 1.00
13 2 0 3 1 0.16835 0.33 1.00 0.25 0.50
14 2 1 0 3 0.169256 0.50 0.33 0.25 1.00
15 2 0 1 3 0.163665 0.33 0.50 0.25 1.00
16 2 0 3 1 0.167954 0.33 1.00 0.25 0.50
17 2 1 0 3 0.159729 0.50 0.33 0.25 1.00
18 2 1 3 0 0.162361 1.00 0.33 0.25 0.50
19 2 0 1 3 0.166069 0.33 0.50 0.25 1.00
20 2 3 0 1 0.163502 0.50 1.00 0.25 0.33
21 2 0 1 3 0.164907 0.33 0.50 0.25 1.00
22 2 3 1 0 0.165738 1.00 0.50 0.25 0.33
23 2 1 3 0 0.170556 1.00 0.33 0.25 0.50
24 2 3 1 0 0.164326 1.00 0.50 0.25 0.33
25 2 3 0 1 0.162806 0.50 1.00 0.25 0.33
26 2 3 1 0 0.171716 1.00 0.50 0.25 0.33
27 2 0 3 1 0.171437 0.33 1.00 0.25 0.50
28 2 3 0 1 0.167544 0.50 1.00 0.25 0.33
29 2 3 0 1 0.165099 0.50 1.00 0.25 0.33
30 2 0 3 1 0.169438 0.33 1.00 0.25 0.50

SUM 17.33 20.67 7.5 17
STD 0.29 0.28 0 0.28
COR 0.16 0.14 NA -0.31
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(a) Gray Image 37 (b) Gray Image 38 (c) Gray Image 39

(d) Gabor Image 37 (e) Gabor Image 38 (f) Gabor Image 39

Figure 5.3: Filtering DRIVE Images 37 -39 Using Gabor Maximum Magnitude Re-
sponse

(a) Feature 1: Average Mag-
nitude

(b) Feature 2: Response
Convexity

(c) Feature 3: Orthogonal
Response

Figure 5.4: Filtering DRIVE Image 37 using proposed Gabor Features

5.5 Conclusion

This chapter has presented a RF based means of assessing feature effectiveness based

on reciprocal ranks and RF strengths. The results presented confirm the general trend

in previous literature which singles out the maximum response as the preferred choice

for segmentation. In the next chapter we present work on our segmentation of retinal

images using this feature and Valley emphasis thresholding.



Chapter 6

Automatic Thresholding

6.1 Introduction

To facilitate effective visual tissue analysis in medical image segmentation, the region

representing biological tissue of interest is normally isolated from its background digi-

tally. Although this task can be accomplished through manual interaction with an image

histogram, the automated approach may be prefered due to its potential for autonomous

and scalable operation.

The Otsu method [184] is a widely used automatic thresholding algorithm which, despite

being relatively simple, is reliable in the context of images with well formed bimodal

distributions. The effectiveness of this method is however significantly reduced when it

is presented with image histograms that tend towards unimodal distributions.

The Valley Emphasis (VE) method [21] improves the Otsu method by exagerating valley

points which are likely candidates for optimal thresholds in both unimodal and bimodal

distributions. It has been found to be effective in industrial defect detection applications

and competes favourably with other Otsu method adaptations. This study explores some

recent improvements to the VE method and applies them to the challenging context of

retinal blood vessel segmentation.

An attempt is made to build a simplified hybrid of VE adaptations so as to leverage

their individual strengths. We note that the VE bears the computational overhead of

considering all possible thresholds in search for the optimal candidate. We argue that

since emphasis is ultimately placed on grey levels with lowest probability, it might be

worthwhile excluding the highest peaks in the histogram from the search. We formulate

the following research question to guide this study: can the proposed hybrid approach

67
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jointly improve the effectiveness and efficiency of VE in the context of Gabor filtered

retinal images.

The remainder of this chapter is structured as follows. Section 2 gives a brief description

of the Otsu method and various VE variations including our hybrid approach. Section

3 outlines the experimental details of the study while Section 4 presents the results. We

conclude by reflecting on our research question in the light of the reported findings.

6.2 Automatic Thresholding Methods

The following notation is assumed in our descriptions of various automatic thresholding

methods. Given an M ×N grey level image G, G(x, y) = g represents the intensity of

a pixel within the image, where 0 ≤ x < M , 0 ≤ y < N and 0 ≤ g < L. The image has

n = M×N pixels and L different grey level intensities. These intensities are represented

by indexes as opposed to actual pixel values. The frequency/likelihood of a grey level g

in a normalized histogram of G is represented by:

h(g) =
ng
n

, (6.1)

where ng is the number of pixels with such an intensity in the image. Furthermore

the average grey level within a portion of the image histogram is represented by µ(l0,l1)

where 0 ≤ l0 < l1 < L. Likewise the probability of a portion of the histogram is p(l0,l1),

such that p(0,L−1) = 1. In both cases, the portion of the histogram under consideration,

is the range [l0, l1] of grey levels.

6.2.1 Otsu Method

Although a variety of automatic thresholding techniques have been proposed [185], the

Otsu method is still widely used to date due to its simplicity and moderate effectiveness.

We outline its main concepts below.

If the image G is binarized using a threshold t, the probabilities and mean values of the

two segments can be calculated as follows:

p(0,t) =

t∑
g=0

h(g), (6.2)

p(t+1,L−1) =
L−1∑
g=t+1

h(g), (6.3)
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µ(0,t) =
t∑

g=0

gh(g)

p(0,t)
, (6.4)

µ(t+1,L−1) =

L−1∑
g=t+1

gh(g)

p(t+1,L−1)
, (6.5)

while the mean value of the whole image is:

µ(0,L−1) =
L−1∑
g=0

gh(g). (6.6)

The between-class variance σ2
O(t) which ultimately measures the disparity between two

classes is then calculated as follows:

σ2
O(t) = p(0,t)(µ(0,t) − µ(0,L−1))

2 + p(t+1,L−1)(µ(t+1,L−1) − µ(0,L−1))
2. (6.7)

This representation can be further simplified to:

σ2
O(t) = p(0,t)µ

2
(0,t) + p(t+1,L−1)µ

2
(t+1,L−1). (6.8)

The optimal threshold t∗ which maximizes σ2
O(t), is defined as follows:

t∗ = argmax
0<t<L−1

σ2
O(t). (6.9)

6.2.2 Valley Emphasis Method

Ng proposed the VE method [21] as an improvement to the Otsu method, that accom-

modates the automatic selection of optimal thresholds within unimodal distributions.

This adaptation is facilitated by simply scaling the between-class variance with a weight

that favours low thresholds as shown below:

σ2
V (t) = (1− h(t))(p(0,t)µ

2
(0,t) + p(t+1,L−1)µ

2
(t+1,L−1)), (6.10)

t∗ = argmax
0<t<L−1

σ2
V (t). (6.11)

6.2.3 Valley Emphasis Method Adaptations

One of the recent adaptations of the VE method is by Fan and Lei [186] who note its

weakness in scenarios where the variance of the object is significantly different from

that of the background. This is said to be pronounced where the proportion of the
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object/foreground is small in comparison to that of the background. In such situations

where the background has a high mean grey level intensity, the scaling factor in the

VE method is insufficient to favour thresholds with low probabilities. This finding is of

particular interest to us, since the context of our thresholding is dominated by a low

proportion of blood vessels in comparison to the retinal background.

The proposed adaptation, Neighbourhood Valley Emphasis (NVE) method, modifies the

scaling factor (1− h(t)) such that it considers the valley as a neighbourhood instead of

a point. The probability of the valley is expressed as follows:

ĥ(t) = h(t−m) + · · ·+ h(t− 1) + h(t) + h(t+ 1) + · · ·+ h(t+m), (6.12)

where its neighbourhood is of size z = 2m + 1. The corresponding objective function

and optimal threshold are defined by:

σ2
N (t) = (1− ĥ(t))(p(0,t)µ

2
(0,t) + p(t+1,L−1)µ

2
(t+1,L−1)), (6.13)

t∗ = argmax
0<t<L−1

σ2
N (t). (6.14)

The new scaling factor (1 − ĥ(t)) ensures that t∗ will always be at a value which is

not only low but occurs in a neighbourhood of low probabilities. The authors however

note the influence of z on the quality of segmentation and advise against using low

or high neighbourhood lengths. From the conducted experiments, the recommended

setting is z = 11 while threshold values such as 3 and 35 are considered to be too

small or too big respectively. We argue that the choice of z should not be generalized

but should instead, be based on the context under consideration. For example, low

neighbourhood sizes could be suited for images with a small grey level range and low

histogram variance. In such cases, it is likely that the valley separating classes is narrow.

The total probability of such a narrow valley would still be favoured when faced with a

high average background grey level, since the image intensity range is small.

Ng et al. subsequently proposed an alternative way [187] of incorporating the neighbour-

hood of a valley in the scaling factor, by introducing a Gaussian weighting mechanism

as shown below.

h̃(t) =

m∑
i=−m

h(t− i) exp−
(t−i)2

2σ2 (6.15)

σ2
G(t) = (1− h̃(t))(p(0,t)µ

2
(0,t) + p(t+1,L−1)µ

2
(t+1,L−1)), (6.16)

t∗ = argmax
0<t<L−1

σ2
G(t). (6.17)
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This approach which we refer to as the Gaussian Valley Emphasis (GVE) method also

considers grey levels within a valley neighbourhood but differs in that proximity to the

valley-center is taken into account. It also has the benefit of removing noise from the

image histogram due to the smoothing effect of its Gaussian function. The details of

the Gaussian window size and the prefered σ are however not specified and left for

experimental determination.

A recent alternative approach which employs the concept of valley deepness, has been

proposed by Ng et al. [188]; we refer to it as the Deepened Valley Emphasis (DVE)

method. Given a prospective histogram valley-point b, the points a and c which represent

the highest points to the left and right of b respectively, will be higher than b, if b is

indeed a valley-point. In other words, h(a) > h(b) and h(c) > h(b) if b is a valley point.

Equation 6.18 shows that, if b is a confirmed valley point, then its valley-depth ȟ(b) can

be modelled as the average between the heights of the peaks at a and c, relative to h(b),

otherwise there is no valley-depth to measure.

ȟ(b) =


max

0≤a<b
(h(a)−h(b))+ max

b<c<L
(h(c)−h(b))

2 , if h(a) > h(b) and h(c) > h(b)

0, otherwise.
(6.18)

A new objective function was proposed, based on a scaling factor which incorporates

how low and how deep a valley point is, as shown in equation 6.19.

σ2
D(t) = (1− h(t) + ȟ(b))(p(0,t)µ

2
(0,t) + p(t+1,L−1)µ

2
(t+1,L−1)), (6.19)

t∗ = argmax
0<t<L−1

σ2
D(t). (6.20)

In a nutshell, the between class variance σ2
D(t), defaults to σ2

V (t) when t is not a true

valley point but adds ȟ(t) to σ2
V (t) for true valley points, in order to favour points

with low h(t) values. Due to the sensitivity of this approach to noise in the image

histogram, a 1-Dimensional Gaussian filter is proposed for smoothing the histogram

before this objective function can be applied. The main drawback of this approach is

its computational overhead due to the consideration of all possible permutations of the

points a, b and c. Since we seek to improve the efficiency of the automatic thresholding,

we have therefore not incorporated the features of this method in our proposed approach.

6.2.4 Proposed Methods

Although adaptations to the VE method are reported to generally improve the effec-

tiveness of automatic segmentation in various contexts, they do so at the expense of

additional computation. Based on the observation that all VE methods typically favour
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thresholds that have low h(t) values, we anticipate that it may not be necessary to

consider all possible values of t when searching for t∗. We propose sorting candidate

thresholds in ascending order of their h(t) values and then only focusing on a portion

at the top of the list. On the one hand, this line of reasoning may exclude potentially

good thresholds that lie outside the focus area, on the other hand, it may do well by

excluding potential false positives in terms of optimal thresholds.

In order to test the viability of our proposal, which we call the Selective Valley Emphasis

approach, we apply it to two extensions of the VE method that have different levels of

complexity as follows.

� Selective VE (SVE): creates a list of candidate thresholds sorted in ascending

order of h(t), then maximizes σ2
V (t) over the top half of the sorted list.

� Selective Gaussian Neighbourhood VE (SGNVE): creates a new between-

class variance σ2
GN (t) which is a blend of the Gaussian and Neighbourhood VE

methods. This variance is maximized over the top quarter of the sorted thresholds

list with the lowest h(t) values. We use a fixed Gaussian window with the following

weights:
[

1
4 ,

1
2 ,

1
4

]
, such that ĥ(t) = 1

4h(t−1)+ 1
2h(t)+ 1

4h(t+1). Missing boundary

values are compensated for by reflecting the existing neighbouring values of t.

6.3 Experiment Details

Figure 6.1: Retinal image segmentation steps

We evaluate the comparative effectiveness of our proposed VE methods by following the

sequence of steps shown in Figure 6.1. Colour retinal input images are preprocessed by

extracting the green channel, which is known to preserve the most detail for use in grey
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level mode [99]. We are primarily interested in determining whether selective threshold-

ing can improve the efficiency of VE method and if so, whether there is any compromise

in effectiveness. The enhanced Gabor images are thresholded using the VE, SVE and

SGNVE methods while noting running times and segmentation effectiveness. Based on

our previous Gabor feature ranking, we focus on the maximum Gabor magnitude re-

sponse of each retinal image pixel. We propose a minor alteration to the calculation

of the Gabor filter magnitude, instead of the conventional euclidean distance, we take

its squared value. Thus, the alteration is simply a matter of dropping the square root

function in the calculation of gmagnitude. This alteration yields a simpler computation

while retaining the integrity of the (≤ and ≥) boolean relational operators. It does

however affect the granularity of the response values and it would be interesting to note

whether there is a significant influence on automatic thresholding. Our experiments are

conducted on the DRIVE and STARE datasets to enable objective comparison with

other studies.

6.4 Results

Table 6.1 shows the processor clock times for calls to functions implementing VE, SVE

and SGNVE algorithms. The average execution time of SVE is less than that of VE

on both the DRIVE and STARE datasets, with the paired t-test yielding p-values of

approximately 0.007% and 0.11% respectively. The difference in execution times between

VE and SVE is thus significant for the DRIVE and not for the STARE dataset. We

also note that the STARE dataset execution times are consistently greater than those of

the DRIVE dataset. This leads us to assume the impact of the SVE is more prominent

in the context of lower VE computation overhead1. Although an attempt was made

to improve the efficiency of SGNVE, its execution times were consistently greater than

those of VE and SVE algorithms. Although the average execution times of these three

algorithms differ, their thresholded output was identical in all cases, leading us to prefer

the SVE algorithm since it is as effective as the other approaches but more efficient.

Table 6.2 compares our final segmentation results with those of previous work. It is

interesting to note that the squared magnitude response yields a higher average accuracy

than the magnitude and real response approaches, in both the DRIVE and STARE

datasets. It is observed that the squared magnitude response value ranges are generally

narrower than those of the magnitude response; this effect seems to favour the former

approach. The results of the present study compare favourably with previous work; in

some cases superior results are achieved. Sensitivity and specificity outcomes of up to

1From Table 3.1, we note that DRIVE images have smaller dimensions than STARE images.
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Table 6.1: VE Algorithm Execution Times (ms)

Image
DRIVE STARE

VE SVE SGNVE VE SVE SGNVE

1 25 25 151 35 34 212
2 29 27 146 32 31 192
3 28 22 127 31 32 204
4 36 32 165 28 29 163
5 24 25 156 41 36 190
6 26 28 148 39 41 231
7 29 26 149 34 35 195
8 24 24 149 32 33 212
9 26 26 166 46 34 188
10 27 22 129 35 34 201
11 37 30 154 38 36 206
12 25 23 140 34 37 204
13 24 23 136 35 34 189
14 24 22 153 34 34 200
15 26 23 155 36 33 191
16 25 25 137 28 32 193
17 25 23 147 38 34 211
18 31 30 158 32 32 197
19 23 22 132 32 32 174
20 26 30 158 33 31 174

µ 27 25.4 147.8 34.65 33.7 196.35

76.8% and 97.9% as well as 78.8% and 97.8% are achieved on normal images in the

DRIVE and STARE datasets respectively; images exhibiting pathological traits remain

a challenge. It is worth noting that although the most recent work of Neto et al. reports

a very high sensitivity which surpasses that of the human observer, those results are

obtained using a different gold standard called the average human observer.

We conclude our results section by exhibiting some visual segmentations achieved by our

approach on normal and pathological images in Figures 6.2 - 6.5. A notable strength of

our approach is the effective suppression of the optic disk and fovea regions. Although

thick vessels are well located, thin vasculature remains a challenge. Image 8 of the

DRIVE dataset and image 139 of the STARE dataset presented some microaneurysms.

Although these were largely detected as blood vessels, further processing using shape

features could possibly isolate them as pathological landmarks.
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Table 6.2: Results of Retinal Image Thresholding

Approach S
e
n

si
ti

v
it

y

S
p

e
c
ifi

c
it

y

A
c
c
u

ra
c
y

D
R

IV
E

V
E

Real [178] 68.3 97.22 93.54
Magnitude 61.73 97.94 93.3

Squared Magnitude 66.8 97.82 93.84
P

re
v
io

u
s

W
or

k
Human observer [12] 77.63 97.23 94.70

Yin et al. [189] 62.52 97.10 92.67
Zhang et al. [190] 71.20 97.24 93.82

Niemeijer et al. [115] 68.98 96.96 94.17
Neto et al. [139] 79.42 96.31 -

S
T

A
R

E

V
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(a) Grey Image
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Figure 6.2: Segmentation of Image 1 in DRIVE Dataset
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(a) Grey Image
(b) Maximum Squared Mag-

nitude

(c) SVE Segmentation (d) Ground Truth

Figure 6.3: Segmentation of Image 8 in DRIVE Dataset

(a) Grey Image (b) Maximum Squared Mag-
nitude

(c) SVE Segmentation (d) Ground Truth

Figure 6.4: Segmentation of Image 77 in STARE Dataset
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(a) Grey Image
(b) Maximum Squared Mag-

nitude

(c) SVE Segmentation (d) Ground Truth

Figure 6.5: Segmentation of Image 139 in STARE Dataset



Chapter 7

General Conclusion

7.1 Research Overview

This thesis has presented a series of methods and techniques culminating in the au-

tomatic segmentation of retinal images. In Chapter 2, the background on the human

retina was presented in order to introduce medical terms used throughout the thesis and

set the context of the study. Chapter 3 reviewed the state-of-the-art in retinal image

segmentation and highlighted the lack of robust engagement with computational algo-

rithms. In Chapter 4, we propose a method that uses Random Forests (RFs) to identify

strong and weak features based on their Relative Mean Decrease Impurity (RMDI). Al-

though new Gabor features are presented in Chapter 5, it is ultimately the modification

of an existing feature (squared magnitude) that proves most effective in vessel segmen-

tation. We used the correlation of reciprocal feature ranks with RF strength to identify

the most effective feature out of a set of four Gabor features. In Chapter 5, we apply

a Selective Valley Emphasis (SVE) thresholding algorithm to segment retinal images

that were enhanced using the maximum magnitude response. Although segmentation

through SVE matches the effectiveness of the ordinary VE method, the computational

effectiveness of the former is demonstrated in our experimental results.

7.2 Research Milestones

Based on the application of our RF feature selection framework on some University of

California, Irvine (UCI) datasets, we are able to conclude that our Purity Gap Gain

(PGG) metric in conjunction with RMDI provides an efficient and reliable feature selec-

tion mechanism. This approach is however not conducive for use in standalone feature

ranking as the generated rankings can be unstable over different iterations. Using our
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feature correlation method, we are able to confirm the general trend in literature, where

the maximum response of the Gabor filter is perceived as being the most effective feature.

In addition we manage to improve retinal image enhancement using a minor alteration

to the computation of magnitude response which ultimately improves classification ac-

curacy. When comparing the legacy VE method against its proposed variants in the

context of retinal blood vessel classification, we establish that it is less efficient but

equally effective.

The main aim of this study was to improve the segmentation of retinal blood vessels

through the fusion of Gabor filters, RFs feature selection and automatic thresholding

techniques. This has been achieved through the selection of maximum magnitude re-

sponse as the most effective feature and the ultimate use of its squared magnitude in

conjunction with SVE thresholding. We thus conclude that the objectives of the study

have been met since we have managed to: 1) formulate efficient and reliable RF feature

selection, 2) maximize the use of Gabor filter banks in retinal image segmentation, and

3) improve the efficiency and effectiveness of Valley Emphasis automatic thresholding.

7.3 Possible Extensions

One of the most significant challenges in medical image processing is overcoming com-

putational overhead, although several methods for improving efficiency have been pro-

posed in this thesis, future work could focus on the use of parallel computing methods

like Graphics Processing Units (GPUs) which this study did not have access to. Future

work could also incorporate techniques such as deep learning which were not the focus

of this study. Although a feasibility study for a Diabetic Retinopathy (DR) screen pro-

gramme was conducted in South Africa [5], more work in this area could assist in the

creation of retinal image datasets from the African continent. The existence of a greater

diversity of datasets could pave the way for studies into genetic factors associated with

visual retinal properties. Other possible extension could include the comparison of our

proposed feature selection strategy against other existing methods. Further experiments

could also be conducted to establish the effect of our proposed Gabor filter enhancement

techniques on various classification techniques.
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Bogantes, and Marissé Masis. Classification of diabetic retinopathy and diabetic

macular edema. World Journal of Diabetes, 4(6):290, 2013.

[64] Mousami Paver. Better eyes and better health. URL http://npoptometry.com/

better-eyes-and-better-health/. Accessed: 2018-07-15.

[65] J. Haut, J.Y. Redor, E. Abboud, G. van Effenterre, and F. Moulin. Classification

of diabetic retinopathy. Ophthalmologica, 195(3):145–155, 1987.

http://npoptometry.com/better-eyes-and-better-health/
http://npoptometry.com/better-eyes-and-better-health/


Bibliography 86

[66] Morton F. Goldberg and Lee M. Jampol. Knowledge of diabetic retinopathy before

and 18 years after the airlie house symposium on treatment of diabetic retinopathy.

Ophthalmology, 94(7):741–746, 1987.

[67] Early Treatment Diabetic Retinopathy Study Research Group et al. Treatment

techniques and clinical guidelines for photocoagulation of diabetic macular edema:

Early treatment diabetic retinopathy study report number 2. Ophthalmology, 94

(7):761–774, 1987.

[68] Early Treatment Diabetic Retinopathy Study Research Group et al. Grading

diabetic retinopathy from stereoscopic color fundus photographs-an extension of

the modified airlie house classification: Etdrs report number 10. Ophthalmology,

98(5):786–806, 1991.

[69] C.P. Wilkinson, Frederick L. Ferris, Ronald E. Klein, Paul P. Lee, Carl David

Agardh, Matthew Davis, Diana Dills, Anselm Kampik, R. Pararajasegaram,

Juan T. Verdaguer, et al. Proposed international clinical diabetic retinopathy and

diabetic macular edema disease severity scales. Ophthalmology, 110(9):1677–1682,

2003.

[70] A. Joussen, N. Smyth, and C. Niessen. Pathophysiology of diabetic macular edema.

In Diabetic Retinopathy, volume 39, pages 1–12. Karger Publishers, 2007. ISBN

978-3-8055-8243-8.

[71] Paul G. Arrigg and Jerry Cavallerano. The role of vitrectomy for diabetic retinopa-

thy. Journal of the American Optometric Association, 69(11):733–740, 1998.
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and Lasse Lensu. Performance comparison of publicly available retinal blood vessel

segmentation methods. Computerized Medical Imaging and Graphics, 55:2–12,

2017.

[139] Luiz Câmara Neto, Geraldo L.B. Ramalho, Jeová F.S. Rocha Neto, Rodrigo M.S.
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