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Chapter 1: Introduction 

 

1.1  Motivation 

According to the International Diabetes Federation, throughout the world, in 2010, the 

number of people with diabetes had reached 285 million [1]. “Bad habits” in the 

population such as lack of exercise, consumption of fast food with high content of fat, 

etc. contribute to the increase of overweight population that leads to diabetes type II. For 

this reason, the number of diabetes cases is increasing each year making it difficult for 

the health care system to screen all of diabetic people for retinopathy. As an alternative to 

help cover the high demand, automatic Diabetic Retinopathy (DR) screening algorithms 

have been developed using fundus images.  

The motivation of this work is to apply different image analysis techniques for the 

detection of pathologies associated with DR in the retina with more emphasis on the 

detection of two sight threatening diseases that can lead to severe vision damage. First, 

we develop an image analysis algorithm to detect abnormalities in the macula, in which 

high visual resolution is obtained, to look for macular edema. Second, we propose to 

develop an algorithm to detect neovascularization. Neovascularization in the optic disc 

can produce significant problems since it can produce hemorrhages that can cause 

significant vision impairment.  

We expect that by developing and applying these algorithms to actual patients, we can 

achieve early detection of critical diseases. Then, this early detection will lead to timely 

treatment that can prevent blindness. 
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1.2  Thesis statement 

This PhD dissertation research will develop image processing techniques for the 

classification of diabetic retinopathy. New image analysis methods will be developed for 

the detection and identification of pathologies in the macula area of the retina. Special 

emphasis will be placed in detecting neovascularization in the optic disc (NVD). These 

algorithms are based on the use of multi-scale AM-FM representations. The main interest 

of this dissertation topic is to help develop an eye disease screening system for 

application to large populations. 

 

1.3  Innovations and Contributions 

A list of the primary innovations and contributions includes: 

 Development of an image processing system through the integration of 

existing image processing components for detecting diabetic retinopathy lesions 

(excluding diseases in the optic disc, but see below). Specific contributions include: 

feature selection, characterization of the lesions based on AM-FM scales, classifier 

design, and system validation. 

 A new image processing algorithm to detect the presence of exudates in 

the macula which are surrogates for a sight threatening condition called clinical 

significant macular edema (CSME) 

 A new image processing algorithm for the detection of neovascularization 

in the optic disc.  
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1.4  Organization 

This dissertation is organized into seven chapters. In what follows, a summary of each 

chapter is provided. 

In chapter 2, a literature review of the most relevant approaches developed to detect 

abnormalities in the retina as a consequence of diabetic retinopathy is presented. In this 

review, diabetic retinopathy (DR) screening is presented, as well as all the modules 

required by a system in order to successfully detect the presence of these lesions. In this 

chapter, retinal image acquisition, image quality assessment, vasculature segmentation, 

detection and segmentation of the optic disc, detection of DR pathologies is described as 

well as the current methodologies to assess them. The material presented will be 

submitted for publication: 

 C. Agurto, H. Yu, J. Wigdahl, M. S. Pattichis, S. Nemeth, S. Barriga and P. Soliz, 

"Literature review of processing methods for diabetic retinopathy screening using fundus 

images," to be submitted for publication. 

In chapter 3, a new approach developed to capture the presence of pathologies in the 

retina is presented. This material is the study of more than 2 years of how a technique 

implemented in [2] of amplitude modulation-frequency modulation can be used to detect 

the presence of these pathologies. The work presented in this chapter has been published 

in two journal papers: 

 C. Agurto, V. Murray, S. Barriga, S. Murillo, M. S. Pattichis, H. Davis, S. Russell, M. D. 

Abramoff and P. Soliz, Multiscale AM-FM Methods for Diabetic Retinopathy Lesion 

Detection, IEEE Transactions on Medical Imaging., vol. 29, no. 2, pp. 502-512, 2010.  
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 C. Agurto, S Barriga, V Murray, S  Nemeth, M Pattichis, W Bauman,  G Zamora, and P 

Soliz, “Automatic algorithm for detection of diabetic retinopathy pathologies”, Invest 

Ophthalmol Vis Sci., vol. 52, no. 8, pp. 5862-5871, 2011. 

The content of both papers was modified in order to provide a better understanding to 

the reader. 

In chapter 4, we present an approach that was developed in order to detect lesions in 

the macula related to DR. These lesions are microaneuryms, hemorrhages, and hard 

exudates. The material presented in this chapter was presented at: 

 C Agurto, H Yu, V Murray, M Pattichis, S Barriga, P Soliz, “Detection of Hard Exudates 

and Red Lesions in the Macula Using a Multiscale Approach”, IEEE Southwest 

Symposium on Image Analysis and Interpretation, 1043, 2012.  

Chapter 5 presents a modification of the algorithm presented in Chapter 4. This 

algorithm was tuned to obtain high accuracy in the detection of exudates in the macula. 

This algorithm includes color normalization. In addition, we modified the optimization 

procedure to be more robust in presence of noise and tested in two large databases (1000 

images). This material has been submitted for publication: 

 C. Agurto, V. Murray, H. Yu, M. S. Pattichis, S. Nemeth, S. Barriga and P. Soliz, 

"Detection of hard exudates in the macula using a multiscale amplitude-modulation 

frequency-modulation analysis," submitted to Transactions on Medical Imaging. 

Chapter 6 presents a method to detect neovascularization in the optic disc. This 

method is based on the characterization of the vasculature in the optic disc. The algorithm 

was successfully applied to a 300 images (200 control). The material of this chapter has 

been submitted for publication: 
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 C. Agurto, H. Yu, V. Murray, M. S. Pattichis, S. Nemeth, S. Barriga and P. Soliz, "A 

Multiscale Decomposition Approach to Detect Neovascularization in the Optic Disc," 

submitted to Transactions on Medical Imaging. 

Finally, in chapter 7, we present conclusions, future work, and recommendations. 

Additionally the document has an appendix section with the list of publications related 

with this dissertation 
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Chapter 2: Image Processing Methods for Diabetic 

Retinopathy Screening using fundus images 

 

Abstract 

The number of blind people is increasing at higher rates than ever before. Recent 

studies have demonstrated that the number of cases with diabetic retinopathy (DR) has 

increased by 89% since 2000. To provide healthcare for the high number of diabetics, a 

means for large scale retinal screening systems will be needed. This work presents an 

introduction to techniques which have been applied to the analysis of DR digital images. 

Specificially, this paper will focus on the previously published algorithms to detect DR. 

Components of DR screening systems that are reported in the literature are composed of 

the following modules: retinal image acquisition, image quality verification, pre-

processing, vasculature segmentation, optic disc detection and segmentation, macula 

localization, and detection of lesions. The algorithms implemented for each module 

throughout the years are analyzed sequentially in time until early 2012. In addition, the 

latest results of the DR screening systems are discussed. This review will provide 

researchers a broader knowledge of this area and it will encourage people from multi-

disciplinary fields of study to provide solutions to the limitations of the current 

algorithms, thus improving the capabilities and the robustness of DR screening systems. 

 

2.1  Introduction 

Diabetes is a group of metabolic diseases characterized by hyperglycemia, or high 
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blood sugar, resulting from defects in insulin secretion, insulin action, or both.  Chronic 

hyperglycemia from diabetes is associated with long-term damage especially the eyes, 

kidney, nerves, heart and blood vessels.  The global number of predicted increases in the 

prevalence of diabetes is staggering.  In the United States, the prevalence of Type 2 

diabetes has tripled since the 1980s, while the health care costs surrounding diabetes is 

projected to rise from the present $194 billion to $500 billion by 2020 [3].  

Diabetic retinopathy (DR) is a term applied to the effects of diabetes in the eye, or 

more specifically, the specialized neural tissue in the eye, the retina.   DR   affects up to 

80% of diabetics around the world and it is one of the leading causes of blindness in the 

U.S. It is the second greatest cause of blindness in the western world, and the leading 

cause of blindness among people of working age [4]. The prevalence rate for retinopathy 

for adults aged 40 years and older in the United States is 3.4% (4.1 million persons); the 

prevalence rate for vision-threatening retinopathy (the most visually damaging type) is 

0.75% (899,000) [5]. Assuming a similar prevalence of diabetes mellitus, the projected 

numbers in 2020 would be 6 million persons with DR and 1.34 million with the sight-

threatening type. 

Many studies have demonstrated that early detection and early treatment can reduce 

the amount of DR cases, mitigating the medical and economic impacts of the disease [6]. 

Accurate, early detection of eye disease using retinal photography, also known as retinal 

screening, is important because of its potential for reducing the number of cases of 

blindness around the world. Systematic screening for DR using retinal photography has 

been shown to reduce the incidence of blindness among people with diabetes [7], [8], [9]. 

In Britain, there was substantial evidence that supported the introduction of a national 
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screening program for DR, and in 2000, they began the introduction of a systemic 

national screening program based on digital photography, which successfully continues 

to this day [10], [11]. Digital Retinal images are amenable to the application of 

sophisticated image analysis techniques that can assist in the screening process by 

creating more efficiency in the grading/reading process and consequently increasing the 

throughput as the demand simultaneously increases. The aim of the automatic screening 

algorithms is to detect lesions of DR and refer the patients to an eye care provider when 

abnormalities which are considered high risk are found in the retinal fundus images. In 

this way two purposes can be achieved: 1) Evaluation and timely referral for treatment in 

the DR population, and 2) Increased efficiency in the use of healthcare resources for 

those that require the timeliest care.  

This paper is organized as follows: In section 2.2, a discussion of the relevant retina 

anatomy is presented. The goal of the anatomical discussion is to present some basic 

information to understand the eye disease associated with DR. Diabetes and its 

consequences are described in section 2.3, and a more detailed explanation of DR is 

presented in section 2.4. In section 2.5, we present different image processing methods 

associated with a general automated DR screening system, from the first approaches to 

the state of the art in algorithms to assess the quality of the image, locate and segment the 

optic disc, macula and fovea localization, segmentation of the retinal vasculature and 

detection of pathologies. In addition, we present the latest results of implemented DR 

screening systems. Finally in section 2.6, we discuss each of these modules. 
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2.2  The Retina 

An anatomical view of the human eye is shown in Fig. 2.1 [12]. The retina contains 

the photochemicals and neurologic connections that process light energy. It is composed 

of two types of photoreceptors: rods and cones. These photoreceptors convert the light 

into electromagnetic waves, which are subsequently transmitted to the visual cortex of 

the brain through the optic nerve. These structures allow us to see approximately a 140-

degree field horizontally [13].  The retina, which receives all the visual information, has 

an extension of 32 mm from ora to ora along the horizontal meridian. The area of the 

human retina is 1094mm
2
, calculated from the assumption that the average length of the 

human eye is 22 mm from anterior to posterior poles, and that the retina occupies 72% of 

the area inside of the globe [14].  Fig. 2.2 shows the most relevant features in the retina. 

These are: arteries, veins, optic nerve head, and fovea. The dimensions of the optic nerve 

head or disc (the term used for the presentation of the optic nerve as it appears in the 

posterior segment of the eye) are 1.86 mm vertically by 1.75 mm horizontally on average. 

In [15], the variation of disc size diameter is measured between individuals. They found a 

range of 0.96 to 2.91 mm for the vertical axis and 0.91 to 2.61 mm for the horizontal axis. 

An extremely critical landmark of the retina is the fovea since it has the most 

concentration of photoreceptors in the retina. The fovea sits in the center of the macula, 

which is 1.5mm of the central retina.  The fovea represents the center, or peak, of highest 

visual resolution and the site of the most detailed color vision.  The normal macula 

appears darker than the rest of the retina because of an increase in the amount of melanin 

at this location, which is a pigment that helps absorb light. Any disease which affects the 

macula will directly affect visual resolution, or clinically known as visual acuity.  Age-
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related macular degeneration, known as ARMD, is a relatively common cause of 

acquired central visual loss in the over 60 year old age group.  In this disorder, the 

macula is affected by degeneration of one of the posterior layers of the retina or by 

aberrant new blood vessels which grow and bleed under the retina, causing destruction to 

fine, central vision. 

 

 

 

Figure 2.2 Parts of the retina in a fundus image. 

 
 

Figure 2.1 Eye anatomy and retinal layers. (Image courtesy of [7]) 
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2.3 Diabetes 

Diabetes is a group of metabolic diseases characterized by hyperglycemia, or high 

blood sugar, resulting from defects in insulin secretion, insulin action, or both. Insulin is a 

hormone that is made by cells of the pancreas and is critical in assisting glucose (sugar) 

in entering the body’s cells for constant energy and brain function.  It is the major fuel-

regulating hormone of the body and human survival is dependent on it. Diabetes is 

classified in three different types: Type 1, Type 2, and gestational diabetes. Type 1 is 

associated with an absolute lack of insulin production and accounts for 5-10% of those 

with diabetes, and was previously known as juvenile-onset diabetes. Type 1 is a 

consequence of a cellular-mediated autoimmune destruction of the beta cells of the 

pancreas. Once diagnosed, these patients will require insulin injections the rest of their 

lives. Type 1 is most commonly diagnosed in children 9-16 years of age.  Type 2, also 

known as adult-onset diabetes, accounts for approximate 90-95% of those with diabetes.  

This large category of diabetics encompasses individuals who have insulin resistance and 

can have relative insulin deficiency.   Many patients who have Type 2 diabetes are obese, 

and obesity itself causes some degree of insulin resistance.  It also is often associated 

with a strong genetic predisposition, more so than Type 1.  The genetics however, are 

complex and not clearly defined. Gestational diabetes (GDM) is defined as any degree of 

glucose intolerance with onset or first recognition during pregnancy. A person that does 

not have diabetes and is pregnant may register an increment in his/her glucose levels. In 

some cases, the women who contract this type of diabetes develop overt type 2 diabetes 

after pregnancy.  Approximately 7% of all pregnancies are complicated by GDM, 

resulting in more than 200,000 cases annually [16].  
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The presence of diabetes around the world is rapidly increasing. Poor eating habits and 

lack of exercise, factors which contribute to type 2 diabetes [17], have led to an 

increasingly overweight population. According to the International Diabetes Federation, 

there are 285 million cases of diabetes in the world as of 2010. This number is expected 

to increase to 438 million by 2030 [1]. Diabetic patients who do not control their levels of 

blood sugar are more vulnerable to other co-morbidities diseases. One potential risk that 

diabetics can face is that the excess of glucose can adhere to proteins in blood vessels, 

thus altering both their regular structure and normal function. In fact, diabetes can make 

vessels become thicker and stiffer, which can in turn reduce the blood flow. In diabetic 

nephropathy, the blood vessels in the kidney can also become leaky, allowing the 

proteins to be excreted with urine. In the end, some vessels collapse and put more 

pressure on the remaining ones. The increment of the load in these vessels can also 

damage them and in turn the kidney may fail, requiring kidney dialysis or kidney 

transplantation. 

The nerves can also become damaged as a consequence of diabetes. Nerves allow us 

to sense temperature, pressure, texture, or pain. In most people with diabetes, the damage 

in the nerves (diabetic neuropathy) affects their feet and lower legs, causing numbness or 

tingling. People with diabetic neuropathy can acquire foot injuries such as open wounds 

but do not realize they have these injuries due to the loss of sensation from nerve damage.  

Such injuries can lead to serious infections and ulcerations which can progress quickly. 

The extreme consequence of an infection not treated in a diabetic is foot or leg 

amputation due to the gangrenous progression which can be life threatening.  Finally, 

perhaps the damage to the eye and our visual perception of the world can have the most 
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effect on the quality of life among diabetics. Ocular disease present in the retina is termed 

retinopathy; hence, the lesions and tissue changes in the retina that comes as a 

consequence of diabetes is referred to as DR. In this chapter, we are going to focus in this 

disease as well as the currently available approaches used in the different steps for its 

detection, which could enable health systems to cover the high demand of people being 

screened to detect DR. 

 

2.4 Diabetic Retinopathy 

DR is a term applied to the effects of diabetes in the eye, or more specifically, the 

specialized neural tissue in the eye, the retina.  DR is a highly specific vascular 

complication of both types 1 and 2 diabetes, with prevalence strongly related to the 

duration of diabetes. DR is the most frequent cause of new cases of blindness among 

adults aged 20-74 years.  In addition to the duration of diabetes, other factors that 

increase the risk of, or are associated with, retinopathy include chronic hyperglycemia, 

nephropathy and hypertension [18]. This disease is usually asymptomatic in its early 

stages and, as a consequence, diabetics do not consider being examined on a regular 

basis. However, once DR has been detected in the retina, ocular examinations by an eye 

care specialist will require more frequent monitoring and visits. DR affects nearly half of 

the population with diabetes [1]. The global prevalence of diabetes has been continually 

increasing and current projections estimate that 438 million adults will be affected by 

2030. With this estimate, a minimum of 2.4 million eyes would need to be evaluated for 

retinopathy every day [1]. 
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2.4.1 Stages of DR 

There are four stages which are described for the National Eye Institute (NEI) as 

indicated below: 

 

a) Mild Nonproliferative Retinopathy (NPDR): In this stage, a few 

microaneurysms, which are defined as small outpouchings in the walls of the tiny 

blood vessels (called capillaries) appear in the retina. 

b) Moderate Nonproliferative Retinopathy (NPDR): More lesions appear in 

this stage as more capillaries that nurture the retinal tissue become damaged, and the 

retina become more ischemic (lack of blood flow, and therefore lack of oxygen). 

c) Severe Nonproliferative Retinopathy (NPDR): At this level of DR, many 

blood vessels are affected. Blood vessel supply of oxygen to the retina is severely 

compromised due to accumulated vessel damage.  When this occurs, certain areas of 

the retina start sending biochemical signals  to the body that they need oxygen.  

d) Proliferative Retinopathy (PDR): In response to the need for oxygen, new 

vessels (neovascularization) begin to grow within the retina.  These new vessels are 

an aborted attempt of the retina to regain its oxygenation need, but these vessels are 

compromised and fragile.  These vessels “break” easily causing severe bleeding into 

the vitreous gel of the eye and consequent loss of vision.  Also, these new vessels can 

attach themselves into the vitreous gel and cause traction on the retinal plane, causing 

retinal detachments. 
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As Fig. 2.3 shows, DR may advance in two ways [19]: proliferative retinopathy, which 

has been described before, and maculopathy, which can be frequently termed as diabetic 

macular edema, or, DME.  As its name suggests, maculopathy is a disease that affects the 

 

Figure 2.4 Eye disease simulations. (a)Normal image, (b) Image seen by an advanced case 

of DR. (Image courtesy of [20]) 

 

Figure 2.3 Development of eye disease produced by diabetes. (Image 

courtesy of [19]) 



16 

 

macula, which is the part of the retina that is most sensitive to light. This condition 

happens when fluid leaks into the macula, making it swell and causing blurred vision. 

This disease is very common in patients with proliferative retinopathy, affecting up to 

50% of the cases. It can be noticed in Fig. 2.4 how the patients who are at an advanced 

stage of DR see the images blurry and incomplete, with black patches produced by 

pathologies such as hard exudates (HE) in the macula [20]. 

There are several factors that contribute to the development and progression of DR. 

The four most important factors are: 

a) Duration and type of diabetes: the most significant predictor is the 

duration of the disease. This varies depending on the type of diabetes. For type 1, DR 

rarely develops before 5 years from the onset of diabetes. Statistically, 8% of type 1 

diabetes cases develop DR in the first 3 years of being diagnosed with diabetes; 60% 

of these cases develop DR in the first 10 years; and 80% of them after 15 years [21]. 

For type 2, 23% of the people develop DR after 11 to 13 years of diabetes diagnosis, 

while 60% of them develop it after 16 years or more [22].  

b) Blood glucose control: studies demonstrate that controlling the glucose 

helps in delaying the progression of DR in both types of diabetes [23], [24]. 

c) Blood Pressure: high blood pressure in diabetics is characterized by the 

appearance of microaneurysms, hemorrhages, cotton wool spots, HE and optic nerve 

swelling, which is related to the level of systolic blood pressure. 

d) Renal disease: this disease can be associated with the presence of DR and 

vice versa [25]. 
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Other factors that are associated with the increasing progression of DR are: smoking, 

anemia, pregnancy and serum lipids [25].  

 

2.4.2 Description of the lesions in DR 

There are many lesions that are associated with DR. In a typical screening population, 

it is expected that between 5%-25% of the patients suffer DR in its four stages [26].  

Table 2.1 shows the frequency of pathologies associated to this disease and Fig. 2.5 

show each of these pathologies. 

 

a) Microaneurysms (MAs): They are the first signs of DR. They appear in 

the retinal capillaries as small, round, red spots as it is shown in Fig. 2.5a. Their 

diameter measures from 10 to 100 μm [26]. They have clear and definitive edges, or 

boundaries.  MAs are reversible if the blood glucose control is improved. Rupture of 

MAs and increased capillary permeability give rise to intraretinal hemorrhages. MAs 

can transiently appear and disappear over time. 

b) Dot/Blot hemorrhages (DBH): Leakage of blood in the inner nuclear layer. 

They appear dark red and also have a circular shape because they occur in the deeper, 

vertically-arrayed layers of the retina.  Their edges can be more irregular and less 

definitive than MAs. Dot hemorrhages hardly exceed 200 μm [26]. 

c) Cotton-wool spots (CWS): the lack of oxygen in the retina, called 

ischemia, causes damage in the nerve fiber layer of the retina. The result of this 

damage causes swelling in the nerve fiber layer axoplasm. In the fundus images, these 

lesions appear like puffy white patches as its name indicates. 
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d) Hard exudates (HE): In DR, the vasculature becomes damaged and 

therefore more permeable, allowing lipids (fats) with water to pass through the 

vessels to the inner nuclear layer. After a time, the water returns but the lipids remain 

in the layer. These lipid deposits are called hard HE and they usually have a bright 

yellow color with irregular boundaries.  They commonly form in ring-like shapes 

called circinate HE patches.  

 

 

 

Figure 2.6 Advances pathologies. (a)Macular Edema with retinal thickening, 

(b)Vitreous Hemorrhage. 

 

Figure 2.5 Pathologies present in DR. (a)Microaneurysms, (b)Hard Exudates, 

(c)Venous beading, (d)IRMA, (e)NVD, (f)NVE. 
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e) Venous beading: This vascular abnormality (See Fig. 2.5c), which occurs 

in segments in the veins, is produced when there is capillary closure due to ischemia. 

Rather than smooth vessel walls, the veins appear highly irregular, much like beads 

strung on a necklace.  Venous beading is a significant finding for the severe category 

of DR. 

f) Intra-retinal microvascular anomalies (IRMA): There are two theories 

about IRMA.  One defines it as new vessels growing within the layers of the retina 

and the other one defines it as the dilated remnants of capillaries within a large area of 

capillary occlusion. Fluorescein angiography tends to favor the latter theory since 

IRMA is usually found within areas of capillary occlusion.   

g) Neovascularization: Large areas of ischemia (lack of oxygen) can be 

present in the retina. When the body detects that there is not enough oxygen provided 

to the retina, it produces a protein called Vascular Endothelial Growth factor (VEGF). 

After this is produced, new vessels that are going to compensate for the absence of 

oxygen appear in the retina. The problem is that these new vessels are weak and bleed 

easily, producing complications such as vitreous hemorrhages (see Fig. 2.6) and 

neovascular glaucoma. When neovascularization is present near to the optic disc 

(within 1 disc diameter centered in the optic disc), it is called NVD; otherwise, it is 

called NVE (elsewhere). 

When DR is at a very advanced stage, retinal detachment could occur. If this is not 

treated immediately, permanent vision loss occurs. 
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2.4.3 Treatment of DR 

If the patient has DR between stages 1 to 3 but does not have macular edema (DME) 

no treatment is needed. The recommendations for the patients is to control their levels of 

blood sugar and other risk factors such as blood pressure and lipids, as this has been 

shown to slow the progression of DR. In the case the patient develops proliferative 

retinopathy (PDR), laser treatment will be recommended. In order to shrink the new 

vessels which appears in PDR, a treatment with laser is applied to the patient. This 

procedure is termed pan-retinal photocoagulation, or, PRP. In this procedure, the surgeon 

makes 1000 to 2000 laser burns with an argon laser in the retina avoiding the macula 

area. In theory, it is thought that this laser is actually causing damage to parts of the 

healthy peripheral retina (rather a sacrifice) to cause regression of these new fragile 

vessels.  This treatment is most ideally applied in the cases where the new blood vessels 

have little bleeding or none, for best visualization of the retina. A vitrectomy is required 

Table 2.1 Diabetic Retinopathy pathologies 

Type Description (Figure) Frequency* 

Red Lesions Microaneurysms (5a) + intra retinal  

hemorrhage 

~3.50% 

Bright Lesions Hard Exudates (5b)+ CWS 

 

~1.60% 

Vascular beading Changes in the vessel caliber (5c) ~1.00% 

 

 

IRMA Intraretinal microvascular abnormalities (5d) ~1.00% 

 

NVD New vessels growth in the optic disc (5e) 

 

~0.10% 

NVE New vessels growth in the retina (5f) 

 

<0.10% 

Retinal thickening Associate with macular edema, It is not visible 

with fundus images. (6a) 

<1.00% 

 

Vitreous Hemorrhage It could be vitreous or subhyaloid hemorrhage 

(6b) 

<0.10% 

   

*Information retrieved from [28]  
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if the bleeding appears to be severe. In this surgical procedure, the vitreous gel which is 

mixed with the blood is extracted from the eye and refilled with a special saline solution.  

In the case of retinal detachment, surgery is the only solution. The doctor could apply 

laser to try to fix the part of the retina that is torn or another procedure called cryopexy, 

which freezes the retina around the tear, leaving a delicate scar that helps secure the 

retina to the eye wall. Surgery is not always successful in reattaching the retina. Sight 

improvement after surgery depends in part on whether the central part of the retina 

(macula) was affected by the detachment before surgery, and if it was, for how long. 

Vision may take many months to improve after retinal detachment surgery. Some people 

do not improve their vision at all. 

 

2.5 Diabetic Retinopathy Screening Systems  

In this section we show all the processing steps that are commonly implemented in a 

DR screening system. While it is true that DR screening systems can be classified as top-

down or bottom-up approaches, most of the published approaches are based on bottom-

up approaches. In a bottom-up approach, the system is designed based on subsystems that 

perform a specific function; e.g., segmentation of HE for the detection of DR.  

Fig 2.7 shows a block diagram which includes the steps involved in DR screening 

systems. Not all of these blocks are used in current systems, but it is necessary to take 

them into account to do a better assessment of DR. 

In order to test the image processing methods for each step, different databases were 

made publicly available. A summary of these databases as well as some of the common 

metrics used to evaluate the performance can be found in the appendix. 
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2.5.1 Retinal Image Acquisition 

In the past, fundus images were captured on film. To analyze DR in film of 35mm, 

two 30 degrees field of view (FOV) images were required to capture lesions of retinal 

capillaries such as micronaeurysms and IRMA. Nowadays retinal images are acquired in 

digital format. They are usually acquired over a large FOV of 45, 50 or 60 degrees for the 

detection of DR. The images have a rectangular shape and the dimensions vary from 

hundreds to thousands of pixels [27]. The photographs of the retina are usually acquired 

in two ways: mydriatic (pupil dilation) or non-mydiatric.   

Fig. 2.8 which shows the area of the retina that is usually captured by a camera for a 

specific degree setting, where R is the radius of the sphere of the eye and its length is 

11mm [28]. The external angle, which is always provided by the camera, is greater than 

the internal angle depicted in Fig. 2.8, while the angle of the eye is considered to be twice 

as much as the internal angle[29]. Equations 1 and 2 are derived from Fig. 2.8. For 

 

Figure 2.7 Block diagram of all the modules involved in a general DR screening 

system. 
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example, an image captured with 45 degrees corresponds to an area of 124.8mm
2
 in the 

retina. 
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Since the area of the retina is bigger than the area that is actually captured, many 

pictures of different fields of view of the retina are required. The gold standard consists 

of seven 30-degree fields using steoroscopic pairs [30]. Since 2 images are necessary in 

stereo (usually used to find the presence of glaucoma), 14 images are needed from each 

eye. It has been shown in [31] that reducing this to two or three 45-degree color fundus 

fields may be an effective tool in screening to detect DR and DME for prompt specialist 

referral. It also reduces costs, complexity and time.  

Fig. 2.9 shows the 7-field standard for the right eye. The most common images 

obtained for screening purposes are from field 1, in which the optic disc is in the center of 

the image, and field 2, in which the macula is in the center of the image. 

 

Figure 2.8 Relationship of the camera angle and the area of the imaged 

retina. (Image courtesy of [29]) 
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In addition to retinal fundus images, other methods of image acquisition to analyze the 

retina are used such as fluorescein angiography and optical coherence tomography 

(OCT). Fluorescein angiography is a technique used to examine the circulation of blood 

in retinal vessels by using a dye tracing method. Patients are injected with sodium 

fluorescein, and then an image is captured by detecting the fluorescence emitted by the 

retina after having been illuminated with blue light at a wavelength of 490 nanometers. 

By using this method, microaneurysms, which appear as hyperfluorescent dots, can be 

clearly distinguished from dot-blot hemorrhages. Although, this review is focused in 

fundus images, first approaches in the detection of microaneurysms are based in the 

information of angiograms. 

 

2.5.2 Image Quality Verification 

It is important for images to be of good quality in order to provide a trustworthy 

diagnosis. In a typical screening environment, studies found that 10 to 20% of the images 

 

Figure 2.9 The seven standard 30-degree fields of view. (Image courtesy of [30]) 
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were inadequate to provide accurate diagnosis [32],[33]. In a study performed by Scanlon 

et al. in 2003 [34], they found 20.8% of the images to be unreadable from a set of images 

collected from 1542 patients when the images were acquired in a non-mydriatic way, 

while 5.6% of the images acquired from 1549 patients were unreadable when the 

acquisition was mydriatic. Another study presented by Philip et al. in 2005 [35] reported 

that in a DR screening environment, 11.9% of the images from a total of 5575 patients 

were unreadable. In a multi-study report which used 2771 patients by Zimmer-Galler et 

al. [36], 11% of the images were unreadable. They found that poor patient’s fixation, 

poor focus, media opacity and small pupil size are the major reasons for unreadable 

quality of the images. In general, there are two factors that affect the retinal image 

quality: biological inherent of the human retina and external factors. The external factors 

could be camera artifacts, low resolution, image compression, unfocused images and low 

contrast. Below, we list the biological and external factors. 

 

a) Biological Factors 

These are some biological factors described in the literature that explain to a certain 

extent the variability in the retinal images [37].  

 

Figure 2.10 Examples of images with poor quality. In the left figure, the image is very 

blury. In the right side the macula is very dark; thus it very difficult to determine if 

there is a pathology in that area. 
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- Lens coloration: As an individual ages, the lens becomes yellowish. This 

coloration changes the appearance of structures in the retina 

- Lesion composition: lesions that appear in the retina have different 

compositions, which change their response to light  

- Lesion density: the amount of light being reflected or transmitted depends 

on the density of lesions. 

- Lesion position: since the retina is composed of different layers, lesions 

can develop in different positions. Their positions are another factor that changes 

their appearance in the fundus images.  

- Pigmentation and Iris color: In the case of people with low pigmentation, 

their retinal images appear reddish (See Fig. 2.11(a)). Since lower pigmentation 

implies less reflectance, the choroidal vessels that are in a layer under the retina 

usually are more notorious in these subjects. 

- Illumination: the spherical shape of the retina makes it difficult for all the 

areas to receive the same amount of light, creating artifacts. In addition to that, 

structures like vessels have a 3D shape, thus creating specular reflection highlights 

(See Fig. 2.12).  

- Non-mydriatic images: retinal imaging sometimes requires the pupil to be 

dilated, especially in older people. The extent of this dilation varies across patients. If 

the pupil is not dilated enough, the iris of the eye could appear as a bright artifact at 

the boundary of the retinal image and the image will have poor quality. 

- Others like age, race and eye color: The age of the patient affects the 

appearance of the retina and its coloration. In young people, specular reflection 
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(retinal sheen) within the retina may result in artifactual features and coloration as 

shown in Fig. 2.13. On the other hand, visual and macular pigment can be reduced 

with age [38]. 

 

 

 

 

Figure 2.13 Retina from a young patient. 

 

Figure 2.12 Retinal images with bright artifacts. 

 

Figure 2.11 Retinas with different types of pigmentation: lower (left side), higher (right side). 
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b) External Factors 

- Camera: The sensors of the camera do not adapt automatically to changes 

of illumination as well as the human vision system. The exposure must be controlled 

in order to obtain a good quality image. For example, the intensity of the camera flash 

needs to be adjusted in order to capture a good image. 

- Loss of contrast: Unexpected movements of the patient eyes can make the 

image blurry and cause low contrast. 

- Eye diseases:  The healthy cornea is a transparent media, through which 

the light reflected from the retina passes without distortion. In a patient with cataracts, 

the cornea becomes opaque and causes distortion-when the light passes through. The 

image will appear hazy overall. 

- Blurry images: movement of the patient or poor focus in the camera 

generates blurry images. 

- Acquisition angle: the angle of the FOV could also affect the image. 

Images that are captured in a field different than the one centered in the macula are 

very difficult since the patient has to focus at an odd angle, which makes it hard for 

them to hold it still. Therefore more low quality images can be found in a field 

different from field 2. 

-  Compression: The images compressed to other formats like “JPEG” 

introduce blocking artifacts. A study performed by Conrath et al. [39] showed how 

the ratios of compression affect the grading of abnormalities such as microaneurysms, 

hemorrhages and IRMA. They also showed that the detection of pathologies is 

affected in both types of JPEG compression: JPEG and JPEG2000. 
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Fig. 3.19 shows six ROC curves, three for each database for the following experiments: 

Normal vs. NPDR, Normal vs. STDR and Normal vs. DR. 

Table 3.14 Results of performance evaluation for DR experiments and for each database. 

PATHOLOGIES 

RIST DATABASE UTHSCSA DATABASE 

Number of 

Images* 
AUC 

Sens for 

Spec=0.60 

Sens for 

Spec=0.50 

Number of 

Images* 
AUC 

Sens for 

Spec=0.60 

Sens for 

Spec = 0.50 

DR [419 144] 0.81 0.92 0.92 [437 136] 0.89 0.94 0.97 

NPDR only [226 144] 0.77 0.83 0.88 [124 136] 0.85 0.90 0.95 

STDR only [193 144] 0.92 0.95 0.98 [313 136] 0.92 0.96 0.96 

CSME [68 44] 0.98 1 1 [147 93] 0.97 0.98 0.99 

IRMA + NVE [95 144] 0.85 0.92 0.93 [137 136] 0.92 0.97 0.98 

NVD [28 50] 0.88 0.90 0.92 [74 94] 0.91 0.95 0.95 

* The first term in the brackets refers to the abnormal cases while the second term in brackets refers to the number of normal 

cases used in each experiment. 

 

Table 3.15 Results of performance evaluation for AMD experiments and for each database. 

PATHOLOGIES 

RIST DATABASE UTHSCSA DATABASE 

Number of 

Images* 
AUC 

Sens for 

Spec=0.60 

Sens for 

Spec=0.50 

Number of 

Images* 
AUC 

Sens for 

Spec=0.60 

Sens for 

Spec=0.50 

AMD only [248 44] 0.84 0.90 0.94 [259 36] 0.77 0.90 0.90 

Drusen [91 98] 0.77 0.88 0.95 [143 36] 0.73 0.80 0.85 

Pigmentation [55 98] 0.80 0.90 0.90 [61 136] 0.81 0.87 0.90 

Geographic 

Atrophy 
[100 98] 0.92 0.97 1 [76 136] 0.92 0.90 1 

* The first term in the brackets refers to the abnormal cases while the second term in brackets refers to the number of normal 

cases used in each experiment. 

 

 
Figure 3.19  ROC curves for the classification of DR, STDR and NPDR. (a) Curves for RIST 

database, (b)Curves for UTHSCSA database. 
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3.2.5 Discussion 

3.2.5.1 Ground Truth 

Tables 3.12 and 3.13 show the inter-reader variability values calculated using the 

Landis and Koch interpretation of kappa values. Results show substantial agreement 

between graders, except for the NVE+IRMA cases in which the kappa value is 0.55 

(moderate agreement). In analyzing the differences between graders, we noted that the 

detection of IRMA produced most of the disagreements. An example of this is shown in 

Fig. 3.20. The two images shown in Figs. 3.20a and 3.20b were presented to the graders 

again after applying local contrast enhancement and they agreed that the pathology was 

present. Lower image quality and blurring on some images are some of the factors that 

contributed to the disagreement between graders. In addition, we found that the presence 

of other pathologies mask the presence of IRMA as it is shown in Fig. 3.20a. 

 

 
Figure 3.20 Retinal images with IRMA. (a) Presence of IRMA in the image was not detected by the 

first grader, (b) Presence of IRMA in the image was not detected by the second grader, (c) and (d) 

Images a and b with enhancement. 

 

Since the images from RIST were graded previously by the third grader, an 

ophthalmologist, the kappa value was calculated again for this set. The values shown in 
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table 3.8 indicate substantial agreement (kappa values higher than 0.6) between the 

ophthalmologist and the first grader (ground truth for our algorithm) at the 95% 

confidence interval. The comparisons between graders (1,2) and (2,3) also show 

substantial agreement. Furthermore, the kappa values also suggest that since a ground 

truth is required to train the classifier, different graders can lead to different classification 

models even though the same set of images is used. 

 

3.2.5.2 Automatic Algorithm Results 

The results presented here are the first test of a novel DR detection algorithm in a 

realistic clinical setting. Although different databases were used, the results for both 

databases are consistent, in particular in patients with STDR. For both databases the best 

results are obtained for CSME detection (hard exudates less than one disc-diameter away 

from the fovea) and the worse are obtained for the detection of images with drusen. It can 

be seen from the table above that the majority of the experiments, especially in the case 

of DR, the results of the UTHSCSA database (AUC = 0.89) are slightly better compared 

to the RIST results (AUC = 0.81). One of the main factors contributing to this difference 

is the higher quality images found in the UTHSCSA database, as assessed by the expert 

graders.  

We also noted that the number of cases with STDR is larger in the UTHSCSA 

database. This results in a larger number of images with multiple abnormal features, and 

thus a more accurate classification by the system. For comparison, almost two thirds of 

the UTHSCSA database is composed of STDR cases, while only half of the cases in the 

RIST database present signs of STDR. 
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The detection of the non-proliferative state of DR composed of images with MAs, 

hemorrhages, or hard exudates away from the fovea proved the hardest to detect. Still, the 

sensitivity values obtained for a specificity of 50% are comparable or better than the ones 

presented by the larger studies in the field. Detection of exudates was particularly good, 

as evidenced by the CSME results of Table 3.14.  

For detection of NVD, the algorithm achieved AUCs of 0.88 and 0.91. This result 

highlights one of the advantages of our approach, as abnormal vessels can be 

discriminated from normal ones through analysis of the different image representations 

generated by AM-FM without the need for explicit segmentation of the vasculature. To 

the best of our knowledge, this is the first published result on automatic detection of 

NVD. Detection of NVE and IRMA is another area in which results have not been 

reported extensively. When obtaining ground truth, there was moderate agreement 

between the graders as to which category the images belonged to, and thus both diseases 

were treated in the same category when reporting the results of the algorithm. Our system 

achieved very high accuracy of detection of this category, in particular for the UTHSCSA 

database. 

One of the problems encountered was the relative low proportion of cases with early 

stages of DR. This is due to the nature of the centers where the data were collected, 

which tended to bias the samples to patients with advanced stages of retinal disease. In 

the future, we will train the system using a database that will contain a more 

proportionate number of DR stages, ranging from normal to NPDR, PDR, and 

maculopathy. In our experiments we have found that a robust training set is the most 

important aspect when improving the performance of the system. In fact, as the number 



140 

 

of cases analyzed by the algorithm increased, so did its accuracy. This is evidenced by 

the improvements found over the results presented in our previous publications on the 

topic [184], [204]  

An advantage of our top-down approach is clearly shown in the detection of 

abnormalities related to AMD. Although the system was not originally intended for those 

abnormalities, by adding AMD cases to the training database we were able to screen for 

these lesions with relatively high accuracy (sens/spec = 0.94/0.50 and 0.90/0.50 for the 

RIST and UTHSCSA databases respectively).  

The results presented in this chapter are comparable with the ones presented by other 

investigators previously described in chapter 2. 

By observing the ROC curves (Fig. 3.19), the performance of the algorithm in both 

databases for the detection of STDR cases is very high, with sensitivities of 96% and 

98% for a fixed specificity of 50%. If we fix the specificity to 80%, the algorithm 

achieved sensitivities of 92% and 85% for the RIST and UTHSCSA databases, 

respectively. For the other two experiments, NPDR and DR, we achieved sensitivities in 

the range of [88% 97%] for 50% specificity. 

In conclusion, this work presents a viable and efficient means to characterize different 

retinal abnormalities and build binary classifiers for detection purposes. Although 

automatic detection of DR has been studied by different groups in the last decade, to our 

knowledge, automatic detection of STDR as well as neovascularization, pigmentation and 

GA has not been concurrently addressed at the levels of performance presented in this 

work. 
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Chapter 4: Detection of Hard Exudates and Red Lesions in the 

Macula Using a Multiscale Approach 

 

Abstract 

In this chapter, we present an automatic system to detect pathologies on the macula 

such as hard exudates microaneurysms, and hemorrhages. Our approach is a bottom-up 

implementation, which tries to capture each abnormal structure in the macula in order to 

detect DR lesions. This technique starts by eliminating the non-uniform illumination 

thereby enhancing the contrast of red lesions in the images. Possible DR lesion (hard 

exudates and red lesions) candidates on the macula are extracted by using amplitude-

modulation frequency-modulation (AM-FM) features. AM-FM features extract texture 

information from different frequency scales, providing for an effective method for the 

detection of hard exudates and red lesions. For each lesion candidate, we also extract 

shape, color and other texture features that are then combined with AM-FM features. 

Pathologies in the macula are detected from the candidate lesions using supervised 

classification with Partial Least Squares (PLS). 

 

4.1 Introduction  

Located at the center of the macula, the fovea contains the highest density of 

photoreceptors in the retina and is responsible for the central vision. Many pathologies 

occurring on or near the fovea, such as clinically significant macular edema (CSME), 

represent a high risk for vision loss. For example, there is an association between hard 
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exudates near the fovea and CSME [208]. However, not all the types of lesions in the 

macula represent a comparable risk to patients. For example, drusen, which look similar in 

shape and color to exudates are not immediately sight threatening; thus, must be 

differentiated from hard exudates, which are high risk for sight threatening disease and 

demand an alternate clinical pathway of patient management.  

Many approaches have been proposed as a means for automatic DR screening. Most of 

them utilize “bottom-up” techniques in which segmentation of the lesions is required in 

order to detect DR. Other approaches [183], [184] are "top down" where segmentation and 

grading of specific lesions is not necessary to classify the image as normal or abnormal.  

Much of the reported work has focused either on the detection of red lesions such as 

microaneurysms and hemorrhages on the fundus images [92], [190], [212] or on the 

detection of bright lesions such as exudates and cotton wool spots [80], [177] , [178]. 

The extraction of features on the retinal images is commonly the basis for most 

automatic classification systems. Morphological methods [176], Gabor filters [178], and 

Wavelet transforms are the most popular methods for feature extraction. A number of 

different classifiers have been used to process the extracted features. Sopharak et al. [177] 

used an unsupervised method called Fuzzy C-means. The authors in [178] used Neural 

Networks in which each pixel is associated with a soft label indicating the probability of a 

pixel being bright. In a different approach to detect red lesions, Niemeijer et al. [92], used 

k-nearest neighbors classifier with Neural Networks.  

Our approach uses an optimization approach to select the most promising Amplitude-

Modulation Frequency-Modulation (AM-FM) features. Contrary to other methods, the 

same system is applied to detect red lesions and hard exudates. 
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4.2 Data Description 

The images were acquired at the University of Texas Health Science Center, San 

Antonio (UTHSCSA).  153 macula-centered digital fundus photographs were used to 

train/test our algorithm. The images were acquired using 2392x2048 pixels and 60 degrees 

field of view. Pixel footprint is about 9 µm. A region of 1 disc diameter (DD) centered in 

the fovea (1DD = 400pixels) was extracted for each image. Lesions such as hard exudates 

and red lesions (microaneurysms and hemorrhages) were marked by a certified ophthalmic 

medical technologist. N=35 images were graded as normal, and the remaining images 

presented two types of lesions. N=79 images presented hard exudates in the macula, and 

N=81 images presented red lesions. N= 42 present with both types of lesions. The normal 

cases also contained images with non-pathological features such as retinal sheen, foveal 

reflex, and low contrast.  Other images presented drusen which are pathologies related to 

age-related macular degeneration (AMD). 

 

4.3 Methodology 

Fig. 4.1 shows the methodology used to detect the bright and dark lesions on the 

macula. The pre-processing block is applied only to detect red lesions. In the following 

subsections, we explain the optimization procedure used to obtain the best performance 

of our algorithm. 
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Figure 4.1 Block diagram of our approach to detect hard exudates and red lesions in the macula. 

 

 

4.3.1 Pre-processing for red lesion detection 

For the detection of red lesions, the images are pre-processed following a three-step 

approach. First, we apply illumination correction using a shade correction technique [213]. 

Second, non-overlapping windows of 30x30 pixels are selected from the image, the bright 

pixels are detected and then they are replaced by the mean average value of the remaining 

 

Figure 4.2 Pre-processing for detecting red lesions in the macula. (a) Macula from the original 

green channel, (b) Macula of the retinal image after apply the pre-processing block explained in 

section 4.3.1. 

 



149 

 

A.  Hard Exudates 

 

Fig. 4.5 shows the ROC curve for the detection of lesion candidates for red lesions and 

hard exudates. An area under the ROC curve (AUC) of 0.95 is obtained in the candidate 

classification. By setting the threshold to obtain a sens/spec = 66%/98%, the classifier 

trained to detect maculas with exudates in a testing set of 100 images (51 with exudates, 

49 without exudates) achieved 100% sensitivity, with specificity of 58%.   

 

 

B.  Red lesions 

 

An AUC of 0.90 is obtained in the candidate classification. By setting the threshold to 

obtain a sens/spec = 74%/90%, the detection of maculas with red lesions in the testing set 

(60 with red lesions, 49 with non-red lesions) is 92%/55%. 

 

 

Figure 4.5  ROC curve of the detection of lesions of the extracted candidates. (a) Detection 

of exudates, (b) Detection of red lesions. 
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4.6 Discussion 

Structures captured with AM-FM features offer rich information of the analyzed 

lesions: hard exudates and red lesions. In addition to this, the optimization process helps 

us obtain high sensitivity in the detection of these lesions even in the candidate selection 

process prior to the classification.  

Fine drusen, also a bright lesion, is a problem for the algorithm, so a post-processing to 

focus on the shape of these small lesions may improve its performance. As it is known, the 

shape of the drusen is more similar to a circle than exudates. Image enhancement may also 

help identify drusen first and help avoid false exudates detection. 

The problem of detecting red lesions is very challenging since they present very 

irregular shapes and have variable texture characteristics. However, the results obtained 

with this optimized method are encouraging. 

Figure 4.6 Results of lesion detection. (a) Final result of two images after the threshold is set 

for the macula classification with exudates, (b) Final result of two images after the threshold 

is set for the macula classification with red lesions. 
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Vessels with branches or portions of vessels are another cause of misclassification. A 

more detailed analysis is going to be performed in order to eliminate those from the 

candidates.  

 

4.7 Conclusions 

A computer-aided detection algorithm based on generalized optimization scheme of 

image decompositions is presented. Given the optimization process and the flexibility of 

the implementation, this methodology could be extended to the detection of different types 

of lesions. In addition, the system only requires image enhancement for red lesions since 

the exudates are well captured with AM-FM features. The system achieves 100% 

sensitivity in detecting maculas with hard exudates and 92% sensitivity in detecting 

maculas with red lesions. In future implementations, post-processing is going to be added 

in order to increase the specificity of the system. 
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Chapter 5: Detection of Exudates in the Macula using a 

Multiscale Optimization Approach 

 

Abstract 

Pathologies that occur on or near the fovea, such as clinically significant macular 

edema (CSME), represent high risk for vision loss. The presence of exudates, lipid 

residues of serous leakage from damaged capillaries, has been associated with CSME, in 

particular if they are located one optic disc-diameter away from the fovea. In this paper, 

we present an automatic system to detect exudates in the macula.  

Our approach uses optimal thresholding of instantaneous amplitude (IA) components 

that are extracted from multiple frequency scales to generate candidate exudate regions. 

For each candidate region, we extract color, shape and texture features that are used for 

classification. Classification is performed using Partial least squares (PLS). 

We tested the performance of the system on two different databases of 652 and 400 

images. The system achieved an area under the receiver operator characteristic curve 

(AUC) of 0.96 for the combination of both databases and an AUC of 0.97 for each of 

them when they were evaluated independently.  

 

5.1  Introduction 

A recent study from the Johns Hopkins University found an increase of 89% of people 

over 40 with diabetic retinopathy (DR) since 2000 [216]. The statistics suggest that DR is 
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the leading cause of new blindness in the US, affecting 25.8 million people [216]. 

Clinically significant macular edema (CSME) is one of the main contributors of vision 

loss in diabetics, accounting for 75% of sight-threatening cases [217]. This condition, 

which can appear at any stage of DR, affects the macula, the region that contains most of 

the photoreceptors in the retina. In CSME, an incremental thickening of the macular area 

in the retina occurs due to the accumulation of fluid. Diagnosing CSME requires stereo 

imaging or optical coherence tomography (OCT) imaging. However, it has been 

demonstrated that hard exudates located within a 1 disc diameter (DD) area centered in 

the fovea are surrogates for CSME [208]. By detecting cases with exudates in the macula 

and providing proper treatment, the risk of moderate vision loss decreases to 50%, 

according to the Early Treatment Diabetic Retinopathy Study (ETDRS) [218]. Thus, it is 

important to develop accurate methods for detecting the presence of exudates in the 

macula. 

The detection of exudates in the retina has been an active area of research, with 

increased interest since 2000 [70], [80], [176]. One of the first published papers on 

exudate detection [174] relied on the use of global and local thresholding in green 

channel images. In [175], the authors used an image intensity threshold based on 

estimates of the background image intensity levels. In [82], the authors proposed the use 

of adaptive intensity thresholding combined with recursive region growing segmentation 

(RRGS). Other approaches are based on the application of morphological operations to 

detect contours of exudates [176], fuzzy c-means clustering candidates [80], [177] and 

combination of classifiers [178] to detect exudate pixels. A recently published approach 

presented a top-down approach [189]. In [189], the author asses the severity of the 


