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Abstract

INTRODUCTION: Macular edema is not a disease itself, but, a very common condition in most of the retinal diseases,
such as diabetic retinopathy, retinal vein occlusion, hypertensive retinopathy, age-related macular edema, etc. and post-
ocular surgery.

OBJECTIVES: We have discussed how macular edema plays an important role in blindness in case of various retinal
blood vascular diseases and post-ophthalmic surgery. We have analyzed vast state-of-the-art methods for retinal

abnormality detection.

METHODS: The proposed method uses a semi-automated macula segmentation approach and Local Binary Pattern
features to train k-Nearest Neighbor classifier and performs binary classification.

RESULTS: We have achieved 80% accuracy and 90% sensitivity in classifying normal and abnormal retina
CONCLUSION: We justified the notion that it will be beneficial to have a method that can analyse the macula region
and alert if there is any abnormality near that region to prevent vision loss.
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common symptoms of ME. However, it can be
asymptomatic as well [1].

The key fact is that macular edema in and of itself is not a
retinal disease but rather it progresses as a result of other eye
problems or health issues [2]. There are several eye
conditions or various diseases that can lead to macular
edema. It is the most common cause of blindness in patients
suffering from diabetic retinopathy (DR) [3] and in the
variants of retinal vein occlusions (RVO) [4]. ME is also a
chief cause of diminished vision following various
intraocular surgery [5]. In the literature, the term cystoid
macular edema (CME) is frequently used for describing
edema occurring after surgery [6], since fluid developed in
the macula often results in cystic changes that are visibly
significant through ophthalmoscopy. However, cystic
changes can ensue with any type of macular edema, and
therefore, the term post-surgical macular edema is preferred
while describing to edema occurring after any type of
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1. Introduction

The retina is the light-sensitive thin layer of cells lining up
at the back of the eye. The centermost part of the retina is
called macula. The macula is responsible for our central
vision and therefore, it is the most sensitive area for
sustaining the best visual acuity. Sometimes the layers of the
macula region become swollen with fluid and this condition
is termed as Macular Edema (ME) [1]. When fovea, the
centre of macula, is involved the visual acuity decreases. If
untreated, chronic macular edema can lead to irreversible
damage to the macula and permanent vision loss. Macular
edema, degeneration, small yellowish deposits or drusen,
haemorrhage, hole, fibrosis, pucker, vitreomacular traction,
and scar are some common conditions that affect the
macula. Distorted vision, blank spot, and blurred vision are
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intraocular procedure. ME is also a common complication of
uveitis regardless of etiology [7] and is frequently seen in
the case of retinitis pigmentosa [8]. Thus, macular edema is
a common factor of various pathological conditions and
creates enormous clinical complications that lead to
blindness. Some of the common causes are as follows:

» Diabetes: Diabetes can affect retinal blood vessel walls,
causing them to weaken and leak out fluids inflicting
damage to one’s vision. One of the complications of
diabetes is diabetic retinopathy, and it is the most common
eye disease that leads to irreversible blindness. Diabetic
retinopathy usually affects both eyes. Diabetic retinopathy is
instigated by the continuous damage to the tiny blood
vessels of the retina. The leakage of fluid from the blood
vessels leads to swelling of the surrounding tissue, including
the macula. This condition is known as Diabetic Macular
Edema (DME), which is the most common cause of
blindness in people with diabetic retinopathy [9]. The risk of
vision loss in the patients with DME increases with poor
blood sugar control and other medical conditions, such as
high blood pressure. DME can occur at any stage of diabetic
retinopathy, although it is more common in later stages of
DR. The experts estimate that approximately 7.7 million
Americans have diabetic retinopathy and of those, about
750,000 also have DME [10].

o Age-related macular degeneration: Age-related macular
degeneration (AMD) is a retinal disease characterized by
deterioration of the macula. In the wet form of age-related
macular degeneration, termed neovascular AMD, where
fragile blood vessels grow up from the choroid layer of the
retina. The fluid leaking out of them causes the macula
region to swell and form macular edema. The Centers for
Disease Control and Prevention has estimated that around
1.8 million people have AMD and another 7.3 million are at
substantial risk for vision loss from AMD [11].

* Eye Surgery: Apart from various eye diseases, ME can also
develop after any type of ophthalmic surgery such as
surgery for glaucoma, cataract, or other retinal diseases. The
experts estimate 1-3% of people who have undergone
cataract surgery may develop ME within a few weeks after
surgery. If one eye gets affected, there is a 50% chance that
the other eye will also be affected. ME after eye surgery is
generally mild, short-lasting, and responds well to
medications like eye drops that treat inflammation [12].

* Blockage in the retinal vein: The blood vessels of the
retina sometimes get blocked, known as retinal vein
occlusion (RVO), due to various health conditions. Due to
the blockage in veins, blood is unable to drain and then,
excess fluid leaks into the retina. If it leaks into the macula,
it forms macular edema. Leakage is exacerbated by the
severity of the blockage, how many veins are involved, and
the pressure inside them. RVO is most often associated with
diabetes, high blood pressure, age-related atherosclerosis,
and eye conditions such as glaucoma or inflammation [13].

* Inflammatory Eye Diseases: Uveitis, toxoplasmosis, and
sarcoidosis are related to inflammation and can lead to
swelling in the macula. Uveitis defines a group of
inflammatory diseases inimical to eye tissues that cause
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swelling in the eye. Apart from the inflammatory diseases,
the immune system disorders may also affect the eye and
cause swelling and breakdown of macular tissue. These
disorders include retinal necrosis, cytomegalovirus
infection, sarcoidosis, toxoplasmosis, Eales’ disease,
Behget’s syndrome, and Vogt-Koyanagi-Harada syndrome
[7,14].

* Genetic Disorders: ME can be a complication of retinitis
pigmentosa, which is a genetic disorder that affects
peripheral and side vision [8].

2. ME Pathogenesis

Macular edema can be of two types: intracellular and
extracellular. Intracellular accumulation of fluid occurs due
to the variation of the cellular ionic distribution as an
immediate result of ischemia, toxic cell damage, or trauma.
This condition is not very frequent and it is also known as
cytotoxic edema. On the other hand, extracellular
accumulation of fluid is clinically more relevant and
frequent. It is directly associated with the change in the
blood-retinal barrier (BRB) [15]. As briefly discussed in the
previous section, ME can occur in several different retinal
diseases. According to all those diverse underlying
pathological events, the morphologic appearance of ME
might diverge according to the underlying disease. In this
section, we will systematically discuss the pathogenesis of
ME in various diseases or conditions.

2.1. Retinal Vascular Diseases

Diabetic Macular Edema

The prime cause of blindness across the globe is the diabetic
retinopathy (DR), which is a common ocular disease in the
case of the patients of diabetes. The ME develops in DR,
referred to as diabetic macular edema (DME), is the main
cause of vision loss. The severity may range from mild and
asymptomatic to permanent loss of vision. DME can be
characterized as retinal thickening within two disc diameters
of the foveal centre. It can be either focal or diffuse in
distribution. Focal edema is often allied with circinate rings
of hard exudates, basically the lipoprotein deposits, as a
result of leakage from microaneurysms. With further
leakage from both microaneurysms and retinal blood
vessels, diffuse edema occurs because of the extensive
breakdown of the BRB. There might be cystic changes
within the macula, indicating focal combination of
exudative fluid. Fig. 1 shows the Diabetic Retinopathy
images with visible clinical features. DME becomes
clinically significant ME (CSME) when any of the
following conditions are satisfied [3,16]:

e  Any retinal thickening within 500 um radius of the
foveal centre.

e Hard exudates within 500 pm of the foveal centre
and are associated with adjacent retinal thickening
> 500 um from the foveal centre.
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e Any part of an area of retinal thickening of size at
least 1 disc diameter located within 1 disc area of
the foveal centre.

Figure 1. Diabetic Retinopathy

Macular Edema in Retinal vein occlusion

Retinal vein occlusion (RVO) is the next prime retinal blood
vascular disease causing blindness. The obstructions in
veins cause ME, which is a major cause of visual loss in
patients suffering from central retinal vein occlusion
(CRVO) or/and branch retinal vein occlusion (BRVO). The
severe or chronic ME (>8 months) disrupts the minuscule
intraretinal connections, grounds intracellular damage to the
visual elements, and finally causes permanent dwindling of
vision [15]. Ischemic ME following BRVO is often
transitory and has a better prognosis for visual acuity as
compared to perfused ME [17,18]. Another significant point
is that the development of fluid blood levels in central
cystoid spaces can lead to the cystic change in ME
transforming it to CME. Cystic change is more common in
RVO than DR. Fig. 2 shows the fundus image of RVO.

Figure 2. Retinal Vein Occlusion

Age-Related Macular Degeneration

Age-related Macular Degeneration (AMD) is the leading
cause of permanent vision loss among people aged over 60.
In most cases, AMD can be in either dry form or wet form.
The dry form of AMD is more common; however, the dry
form can lead to the wet form. Only about 10% of people
with macular degeneration get the wet form. In case of dry
AMD, yellow deposits, called drusen, appear in the macula.
A few small drusen barely cause any changes in the vision.
But, when these get bigger and started appearing in large
number, they significantly dim or distort vision. As the
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condition gets worse, the light-sensitive cells in macula get
thinner and eventually die, causing permanent loss of central
vision. Neovascularization occurs in wet AMD. The new
blood vessels growing underneath the macula leak blood
and fluids into the retina. The bleeding vessels form scars
and permanently damage central vision [11,19]. Fig. 3
shows the retina with AMD.

Figure 3. Age-Related Macular Edema

2.2. ME associated with Post Ophthalmic
Surgery

Cystoid Macular Edema (CME) is a common cause of
reversible vision loss following ophthalmic surgery. CME
following cataract surgery was initially reported by Irvine in
1953 and is known as the Irvine—Glass syndrome [20]. The
underlying pathogenesis of DME is slightly different from
that of ME in post-cataract surgery. In pseudophakic cystoid
macular edema (PCME), ME is thought to be caused by pro-
inflammatory cytokine release. It is difficult to differentiate
between ME in diabetic patients and ME after contract
surgery or PCME. In some cases, fluorescein angiography
may offer better understanding in the underlying cause, as
the presence of a disc edema and a “hot disc” can be
symptoms for PCME. But then again, this finding can be
indecisive, because not all patients with PCME exhibit this
clinical feature and moreover, patients with DME may also
have disc hyper-fluorescence. The incidence of clinically
significant PCME after uncomplicated cataract surgery
ranges between 0.1% and 2.3%, and peaks at approximately
5 weeks in a healthy population. The incidence rate gets
significantly higher that is around 16.3% in patients
previously suffering from DME and in patients with DR,
whose BRB has been disrupted even before surgery [21].
Generally, clinically significant CME occurs within 3—-12
weeks of post-surgery, however, in some cases its onset gets
delayed for months or many years after surgery. Earlier, it
has been reported that 69% of the eyes in which clinically
significant ME ascended in the first 6 months after cataract
surgery showed spontaneous tenacity of macular edema
[22]. Albeit, it has been reported that CME persisted in all
eyes in which ME had been present during the time of
surgery. Additionally, CME is one of the leading causes of
diminishing visual acuity after cataract surgery in uveitis
patients [6,21].
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Figure 4. Cystoid Macular Edema after Glaucoma
Surgery

Similarly, CME is associated with post Glaucoma surgery
as shown in Fig. 4. Two of the popular methods for
Glaucoma surgery are Glaucoma Drainage Implants (GDI)
and Tube Versus Trabeculectomy (TVT). The target of GDI
is to lower the intraocular pressure by the surgical placement
of an artificial filtering device. The TVT study reported that
there is a higher post-operative CME in the GDI group
compared to the trabeculectomy group. In their study, about
22.2% of patients those who enrolled in their study (41 out
of 185 patients) developed visually significant CME
following GDI surgery [5].

2.3. Macular Edema associated with Uveitis:

Upveitis is an inflammatory disease at the uveal tract that can
lead to significant visual impairment. The uveal tract is the
vascular layer that lies between the sclera and the
neuroretina. According to the location of the inflammation,
Uveitis can be classified into anterior, intermediate,
posterior and panuveitis. The chronic inflammation breaks
down either inner/outer or both BRBs leading to the Uveitic
Macular Edema (UME). The UME can be found in the outer
nuclear layer or it can be extended more ostensibly or deep
before beginning to affect all retinal layers. It can even
present in the form of a serious retinal detachment. A UME
might complicate an intermediate, anterior, or a posterior
uveitis. Intermediate uveitis is the least common type of
uveitis; but, with the highest frequency of ME within the
range of 25% to 70%. ME rate in posterior uveitis is 19—
34% and in panuveitis is 18-66% [23]. In non-infectious
uveitis, ME is the most common complication, as it occurs
in 8.3% of patients, followed by epiretinal membrane 6.3%
and glaucoma 4.2% [24]. Fig. 5 shows the ME in Uveitis.

The rapidly growing technology for Computer-Aided
Detection (CAD) for medical images has significantly
improved the accuracy and consistency of the radiologists’
image interpretation (Shiraishi et al., 2014). In that context,
the early and automatic diagnosis of any retinal abnormality
can prevent the patient from total vision loss, facilitate early
treatment, and help ophthalmologists to reduce unintentional
error in diagnosis and save their time and effort. In the
following sections, we are going to discuss various retinal
imaging techniques, highlight some of the methods used for
retinal abnormality detection, and evaluate the research gap
in this field.
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Figure 5. Uveitis

3. Retinal Imaging Techniques

From the previous section, we can see that various
imperative diseases manifest themselves in the retina and
originate either in the eye, the cardiovascular system, or the
brain [25]. Evaluation of such diseases involves direct and
indirect ophthalmoscopy. The rapid advancement in the
retinal imaging techniques has made it the backbone of the
clinical care and management of the patients with retinal as
well as systemic diseases. There are various imaging
modalities for the screening, evaluation, diagnosis, and
treatment of diverse appearances and manifestations of the
diseases such as diabetic retinopathy, age related macular
edema, retinal vein occlusion etc. [25,26]. Some of the
popular retinal imaging modalities are as follows:

3.1. Fundus Photography:

Fundus photography is the most widely used retinal imaging
technique for population-based, large scale detection of
diabetic retinopathy, retinal vein occlusion, age-related
macular degeneration, and glaucoma [25,27]. Traditionally,
retinal fundus photography can be performed using film.
However, more recently digital fundus photography has
become popular as it facilitates easy analysis, magnification,
and manipulation of the images [25]. Additionally, fundus
photography allows documentation as well as monitoring for
improvement or progression of the disease over time.

Fundus imaging is a 2-D representation of the retinal semi-
transparent tissues projected onto the imaging plane, where
the image intensities represent the amount of a reflected
quantity of light. There are different categories of fundus
imaging techniques.

i) Color fundus: image intensities represent the amount of
reflected Red, Green, and Blue wavebands, as
determined by the spectral sensitivity of the sensor.

ii) Red free fundus: image intensities represent the
amount of reflected light of a specific waveband.

iii) Stereo fundus: image intensities represent the amount
of reflected light from two or more different view
angles for depth resolution.

iv) Hyperspectral imaging: image intensities represent the
amount of reflected light of multiple specific
wavelength bands.
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v) Scanning laser ophthalmoscopy (SLO): image
intensities represent the amount of reflected single
wavelength laser light obtained in a time sequence.

vi) Adaptive optics SLO: image intensities represent the
amount of reflected laser light optically corrected by
modelling the aberrations in its wave-front.

Apart from the image intensity representation, fundus
imaging can be further categorized in terms of angle of
capturing image. Those are [25,26,28]:

i) Standard fundus image: Standard fundus photography
captures 30° of the posterior pole of the eye, which
includes the macula and the optic nerve as shown in
Fig. 1-5. The main advantages of this type of color
fundus include ease of use, highly accessible, and
useful for effective documentation. This form is useful
for diagnosing macular edema as certain morphologic
features, such as hard exudates, are easily identifiable
on color photographs. However, it cannot confirm
clinically significant macular edema (CSME) as fine
details are often ostensible, and any media opacity can
be obstruction in obtaining good quality image.

ii) Wide-field fundus image: The wide-field fundus
photography can image posterior as well as the
peripheral retina. In this type of fundus image, seven
fundus fields are collected and combined to create a
montage image that shows a 75° field of view as
shown in Fig. 6. The new advanced fundus cameras
can capture up to a 200° field of view, which covers
80% of the total surface retinal area even with an
undilated pupil. Therefore, it helps in analysing the
peripheral retinal pathology, detects any abnormality in
a minimally invasive fashion, and facilitates more
thorough documentation. However, the equipment cost
for capturing wide filed images is quite high. Another
limitation is that the images often get distorted due to
eyelash artifacts, the spherical nature of the globe, and
false color representation of fundus findings. Because
of these limitations, traditional 30° fundus photography
continues to be the standard method to photograph the
fundus [25,26,28].

iii) Stereoscopic fundus image: A stereoscopic image can
be produced by capturing photographs of the retina
from two slightly different positions as shown in Fig.
7. Many fundus cameras are capable of capturing
stereoscopic image of the central and peripheral retina
by sequentially taking two images. This form of
imaging technique provides a three-dimensional view
of the retina with a depth perception while examining
the patient's pathology. Therefore, it helps to
distinguish subtle extra-retinal neovascularization
elevated above the plane of the retina from intra-retinal
microvascular abnormalities. However, in clinical
practice, it is time consuming and difficult for the
physician to interpret pathology from the stereoscopic
photos [25,28,29].
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Figure 7. Stereoscopic fundus image

3.2. Fluorescein Angiography

In 1967, this widely popular imaging technology was first
introduced into mainstream ophthalmology by Gass. Before
capturing Fluorescein Angiography (FA) image sodium
fluorescein, a fluorescent mineral-based dye, is injected into
the subject’s bloodstream. When Sodium fluorescein
molecules running through arteries and veins in the eye are
excited by blue excitation filter of the camera, it then emits
yellow-green light. Thus, the image intensities represent the
amounts of emitted photons from the fluorescein. Fig. 8
shows an angiographic fundus image. FA is useful in
evaluating the retinal vasculature and hence, as it is
presently the gold standard for diagnosing diabetic eye
disease [25,30]. FA is good for diagnosis of choroidal
disorders and neovascular macular degeneration. FA image
can identify microaneurysms those manifest as punctate
areas of hyperfluorescence. Retinal neovascularization also
can cause fluorescein leakage, and FA is a useful test to
confirm the diagnosis of neovascularization of the disc and
elsewhere in proliferative diabetic retinopathy Apart from
standard FA image, there is wide field FA imaging
technique. The wide field FA is useful in detecting the
peripheral neovascularization, as well as the extent of retinal
nonperfusion that are difficult to visualize with standard
field FA. Fig. 8 shows the wide field FA image example.

There are certain limitations of FA imaging
technique. It is not part of the ETDRS criteria to determine
CSME in patients. FA is not effective for determining
treatment parameters and success of therapy for macular
edema. Most importantly, the fluorescein dye has lots of
side effects. It can cause transient nausea in case of about
2.9% patients and vomiting in 1.2% of patients and various
allergic reactions.
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Figure 8. a) Standard FA image, b) Wide-field FA
image

3.3. OCT Image

Optical coherence tomography imaging technique has been
commercially available since 1996. OCT image provides
microscopic resolution. The working principle of OCT
imaging technique is similar to the ultrasonography process.
OCT uses light waves to capture the picture of cross-
sectional area of the retina. It employs white light, also
known as low-coherent light, interferometry. The white light
illumination causes backscatter from the retina and helps in
estimating the depth. The low coherent OCT light, which
has the longer wavelength than visible light, scans across the
macula rapidly and captures multiple OCT A-scans images,
then all images are combined to form a linear image. It
penetrates deeper into retinal and choroidal tissue, and thus,
the ophthalmologist can observe each of the distinct layers
of the retina using OCT image. The analysis software uses
computer algorithms to measure retinal thickness by
automatically outlining the inner and outer retinal
boundaries. These measurements help to diagnose and also
provide treatment guidance for various retinal diseases
including glaucoma, age-related macular degeneration, and
diabetic retinopathy. OCT can also reveal loss of different
layers of the retina, such as the photoreceptors or nerve fibre
layer, which can sometimes help to explain visual loss in
patients without other macular abnormalities. The older
OCT devices used to acquire maps by combining data from
six linear images. Newer spectral domain OCT devices
create macular maps using a much larger amount of OCT
data[25,29,31]. Fig. 9 shows the OCT image.

In an OCT device, there is a beam splitter to split the light
into the two beams: one beam reflects on the retinal tissue,
called sample arm, and the other beam reflects from the
reference mirror, called the reference arm. With the help of
photo sensors, the interferogram energy between these two
reflective beams is converted into image intensities. From
these intensities, a depth scan with different intensities, also
known as an A-scan, is created that represents the
backscatter at different depths. Different factors such as
patients’ comfort, reduce motion artifacts, obtain high image
resolution etc. mainly depend on attaining short A-scan
imaging intervals. Therefore, various methods have been
used to maximize the rate of capturing A-scans per unit of
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Figure 9. OCT image

-time. There are three main OCT principles developed to
generate an A-scan image for measuring the desired retinal
tissue depth [25,29,32].

i) Time-domain OCT: Thousands of A-scans can be
acquired per second by moving the reference mirror
mechanically to different positions.

ii) Swept-source OCT: The light source is rapidly
adjusted over its centre wavelength and the
correlogram for each such wavelength is measured
over time using a photo sensor.

iii) Spectral-domain OCT: A broadband light source is
used and the interferogram is spectrally disintegrated
using diffraction grating and photo sensors.

To overcome the limitation of time taken by an A-Scan
OCT, B-Scans are developed where the correlogram
intensities are presented in the form of 2-D slices. In the B-
scan, a single sweep of the beam scans over the retina in a
linear or circular fashion. Depending on the quantity of A-
scans that can be acquired over time, the retina can be
imaged either two-dimensionally or three-dimensionally. 3-
D imaging is possible with spectral-domain OCT as it can
acquire tens of thousands of A-scans per second. However,
the commercially available time-domain OCT is not suitable
for 3-D imaging as it captures upto 400 A-scans per second.
Thus, it can be observed that obtaining a 2-D or 3-D OCT
image is largely depends on the scanning speed versus the
amount of time available for scanning. Currently, some
commercially available scanners are capable of acquiring
close-to-isotropic 3-D volumes [25,31].

4. State-of-the-Art for Retinal Abnormality
Detection

The literature survey provides plenty of work for automatic
detection of ocular disease such as Diabetic Retinopathy
(DR), Glaucoma, Age-related Macular Degeneration (AMD)
etc. However, only a few research works focused on
detecting the threat to the central vision regardless of the
type of ocular diseases. Majority of research works revolve
around detection of Diabetic Retinopathy as it is the prime
reason of the vision loss across the world.
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4.1. Methods for Diabetic Retinopathy (DR)
detection

In the past twelve years, several research works have been
carried out to develop automated DR diagnosis methods
using different clinical features such as microaneurysms,
haemorrhages, exudates, blood vessels, node points, and
textures etc. Those methodologies are mainly dependent on
the segmentation of bright lesions and red lesions,
comprising several steps.

The bright lesions found in DR are mainly Hard-Exudates
and Cotton Wool Spots. These bright lesions are lipoprotein
deposited in the retina due to vascular leakage [33]. The red
lesions occur in the DR are mainly Microaneurysms (MA)
and Haemorrhages. MAs are tiny lumps in the walls of
retinal blood vessels [34]. Sinthanayothin et al., 2003, used
region growing where starting from a seed points the
neighbouring pixels are analyzed to detect bright lesions.
Fleming et al. and Jelinek et al. used region growing method
for MA detection [34,35]. A very popular method,
thresholding method based on the foreground and
background pixels difference has been used in [36-38].
Various researchers used a morphological operator to detect
bright lesions [39,40] and red lesions [41]. A wavelet-based
method is proposed in [42] for red lesions detection.
Machine learning classifiers such as Neural Network,
Support Vector Machine, and radial basis function are used
to segment bright lesions in [43]. Zhang et al. 2010 and
Lazar & Hajdu 2013 used a hybrid approach to detect MA
[44,45].

Majority of the DR screening methods are evaluated for
2-class classification, i.e. DR or No DR [46,47]. Usman
Akram et al., developed an NPDR grading method in where
NPDR is graded into mild, moderate and severe based on
the type and numbers of red lesions and exudates [48].
Dupas et al., 2010, determined the severity of DR based on
the presence of red lesions. According to the type of red
lesions and their corresponding numbers, the retina images
are graded into 0, 1, 2, and 3. Moreover, the risk of macular
edema (ME) is evaluated by measuring the distance of
exudates and fovea [49]. Mookiah et al., 2013, exploited
Genetic Algorithm optimized Probabilistic Neural Network
(PNN) to classify NPDR, PDR and Normal image using
features like bifurcation points and area of the blood vessels,
exudates, texture, and entropies. In four-class Classification
viz. normal, moderate NPDR, severe NPDR and PDR.
Acharya et al., presented an automatic DR detection system
using a combination of texture and obtained an accuracy of
85.2% [50]. In [51,52] a CAD was developed, which
achieved sensitivity above 90% for detecting referable
retinopathy. Many of these automatic Computer Aided
Diagnostic (CAD) methods are commercially available as
retinal image analysis systems [53]. Some of the
commercially available systems are Retinalyze System®,
iGradingM®, IDx-DR®, RetmarkerDR®, etc. These CAD
systems effectively applicable for DR screening and identify
the retina affected by DR or referable DR. However, all
these methods are unable to identify the high-risk DR or the
presence of Diabetic Macular Edema (DME) [53].
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The recent advancement in deep learning has unlocked
the path of a new methodology for retinal image analysis.
Gulshan et al., 2016, used Inception V3 architecture for
detecting moderate and worse diabetic retinopathy, which is
considered as referable diabetic retinopathy, then, referable
diabetic macular edema, or both [54]. Doshi et al., used deep
convolutional neural networks for automated diagnosis and
classification of five stages of the Diabetic Retinopathy
based on severity. They designed a CNN architecture
comprising of five sets of combination of convolution,
pooling and dropout layers in sequence [55]. Chandore et
al., 2017, used a deep CNN model of 15 layers to classify
DR and non-DR images [56]. Table-1 summarizes the state-
of-the-art methods for DR detections.

4.2. Methods for DME Detection

Macular Edema associated with DR is known as Diabetic
Macular Edema (DME). As discussed in Section 2.1., the
clusters of exudates situated in the macular region can be an
indication to macular edema, which is the main cause of
visual loss in DR patients. The research work focusing on
DME detection is relatively lower than that of DR even after
the fact that ME is the cause of vision loss in DR. As we can
see from the review on DR detection, most of the methods
are focused on segmentation of red and bright lesions and
their counts for DR detection, those methods are not useful
for detecting DME. A few research works are available on
DR severity detection and because of the fact that ME
condition arises starting from moderate/severe NPDR to
PDR they didn't particularly mention the ME condition.
Majority of the DME detection methods depends on
segmentation of hard exudates and their positions near the
macula region. Dupas et al., evaluated the risk of ME by
measuring the distance of exudates from fovea [49]. A
popular DR screening system is IDx-DR® [57-59]. This
system was validated for referable DR detection including
DME on a database of 1748 fovea-centred images.
Srinivasan et al., 2014., proposed an automated DME and
AMD detection method for OCT images using multiscale
histograms of oriented gradient descriptors and support
vector machine [60]. Sengar et al., used a region growing
method to detect DME region from DR images. DME
severity was accessed using scaling of bright lesions in the
macular region [61]. Gulshan et al., 2016 used deep learning
model to detect referable DR and in their method, they also
evaluated the presence of DME. Kumar and Ravichandran,
2017 proposed DME severity detection based on Extreme
Learning Machine (ELM) classifier. Using ELM, they
detected hard exudates in colour fundus images and
classified the images according to severity level based on
the appearance of hard exudates near the macula region [54].
Wang et al., 2016, proposed an improved level set algorithm
for segmentation using linear configuration pattern (LCP)
based features and detection of DME in the OCT image
[62]. Singh and Gorantla, 2020, proposed a DMENet, which
is a hierarchical ensemble CNN for detection of DME [63].
Table-2 shows some of the DME detection methods.
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Table 1. State-of-the-art for DR Detection

Author Features Methods Target Class  Database Performance
Neimeijer et al. Bright Sensitivity= 95%
(2007) lesions k-NN DR, Normal —Inhouse data  ge ificity= 86%
Quellec et al. Red Hospital Sensitivity=89.6%
(2008) lesions Wavelet based DR, Normal database Specificity= 89.5%
Sanchez et al. Bright Thresholding, Sensitivity= 100%
(2008) lesions Fisher DR, Normal —Inhouse data g ricity= 100%
Exudates . Sensitivity= 90%
Nayak et al. ’ Normal, Hospital e 7 o
(2008) vessel, and  Neural Network NPDR, PDR database Spemﬁcﬂx— 1(30 Yo
contrast Accuracy= 93%
Gracia et al. Bright MLP, RBF, Sensitivity= 100%
(2009) lesions SVM DR, Normal In house data g o ificit =92 6%
Jaafar et al. Bright . Sensitivity= 91.2%
(2010) lesions Thresholding DR, Normal DIARETDB Specificity= 99.3%
Jaafar et al. Red Morphology Sensitivity= 98.8%
(2011) lesions based DR, Normal - DIARETDB g cificity= 96.2%
Morphology
Inoue et al. Red based, PCA,  DR,Normal  ROC Sensitivity= 72.9%
(2013) lesions ANN database
Co-
occurrence normal, e o
Acharya et al. matrix moderate, Hospital Sens!t!v!ty: 98'90/"
SVM Specificity= 89.5%
(2012) and run severe Database Accuracy= 100%
length NPDR, PDR Y o
matrix
Zhang et al. Bright e-ophtha EX Sensitivity= 96%
(2014) lesions Morphology DR, Normal database, Specificity= 89%
Gaussian Mixer e o
Roychowdhury  Red Model, k-NN,  Normal, DR MESSIDOR  Sensitivity=100%
et al. (2014) lesions SVM Specificity= 53.16
Antal et al. Red Ensemble Normal, Mild Sensitivity= 90%
(2014) lesions classifier NPDR, DR MESSIDOR Specificity= 91%
. AUC=97%
Gargeya et al. Image Convolutional DR, Normal MESSIDOR 2, Sensitivity= 94%
(2017) Pixels Neural Network E-Ophtha e o ooo
Specificity= 98%
Lam et al. Image Convolutional Kaggle, W oo
(2018) Pixels Neural Network DR Normal yraqinor  Sensitivity= 95%
Zago et al. Red Convolutional DIARETDB o opo
(2020) lesions Neural Network D Normal  yreqipor  Sensitivity=95%

4 .3. Methods for RVO Detection

The automatic detection of RVO is relatively novel in the
field of CAD as compared to DR, AMD, etc. The literature
review on automatic detection of RVO is inadequate. Only a
few research works are available to automatically diagnose
and detect RVO types. H. Zhang et al. 2014 used
Hierarchical Local Binary Pattern (HLBP) to represent the
abnormal features of blood vessels to detect BRVO in
fluorescein angiography (FA) images. Inspired by the
convolutional neural network, hierarchical combination of
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Liner Binary Pattern (LBP) and max pooling is proposed
[64]. Anitha et al., 2009 developed an automatic eye disease
detection system where CRVO is one of the considered eye
diseases along with the other three. Fuzzy C-means
clustering is applied for feature extraction from the images
and Back Propagation Neural Network (BPNN) or minimum
distance classifier is used for classification [65]. Fazekas et
al., 2015 applied fractal analysis on two blood vessel
segmentation methods to learn the normal and abnormal-
blood vessels [66]. Similarly, in [67] fractal analysis is used
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Table 2. State-of-the-Art of DME Detection

Author Features Methods Target Class Database Performance
Dupas et al Red DME, DR Sensitivity= 83.9%
(2010) lesions,  k-NN Normal MESSIDOR  gpecificity= 72.7%
Exudates
Srinivasan et . SD-OCT data
al. saetlgrzl SVM Rmi(j‘MD’ sets of Duke Accuracy= 100%
(2014) Y University
Sengar et al. Bright Region based — ano
(2015) lesions method DME, Normal MESSIDOR Accuracy= 90%
Gulshan etal. Image Deep learnin DR, DME, EyePACS-1, Sensitivity= 97.5%
(2016) pixels P 9 Normal MESSIDOR Specificity= 93.4%
Kumar et al Accuracy= 98%
(2017) ’ Exudates ELM classifier = DME, Normal Drive Sensitivity= 99%
Specificity= 98%
. SD-OCT data
Wang et al. Retinal LCP DME, AMD, sets of Duke Accuracy = 100%
(2016) Layers Normal ; -
University

. Accuracy = 96.1%
Singh et al. Image . MESSIDOR, e o o
(2020) pixels Deep learning DME, Normal IDRID Sensitivity= 96.3%

Specificity= 95.8%

-for detecting BRVO. They used Box Counting Method,
Mass-Radius method and Density-Density Correlation
method to calculate the fractal dimension. Out of these three
methods, Box counting and Mass-Radius method gives
more accurate results. Gayathri et al. 2014, used blood
vessel as features to diagnose the possible blockage in the
vein. At first, the blood vasculature is segmented [68]. Then,
Completed Local Binary Pattern (CLBP) is performed to
extract the textures of the blood vessel. With the regression
plots, they showed the feasibility of their method to detect
retinal blood vascular disease like RVO.

The deep learning approach is first exploited in [69] for
BRVO detection. They used a classical CNN model to
classify the normal and BRVO colour fundus images via
image-based and patch-based approaches. Another CNN
model is proposed by [70] to detect CRVO using colour
fundus image wusing image-based method. Table-3
summarizes the state-of-the-art method for RVO detection

4. 4. Methods for AMD Detection

There are plenty of automated methods for AMD detection
as it is the third popular reason for vision loss after DR and
RVO. Agurto et al. used various pathologic conditions,
including microaneurysms, haemorrhages, exudates,
neovascularization in the optic disc and elsewhere, drusen,
abnormal pigmentation, and geographic atrophy to classify
DR and AMD affected abnormal image from the normal
image [71]. In [19] biologically inspired features are used
from the macula region and used Support Vector Machine to
detect AMD. Garnier et al. used multiresolution texture
analysis to detect AMD in colour fundus images. The

D EA

relevant texture patterns are extracted from the Local Binary
Pattern and used a Linear Discriminant Analysis to classify
the images [72]. Srinivasan et al. proposed an automated
DME and AMD detection method for OCT images using
multiscale histograms of oriented gradient descriptors and
support vector machine [60]. In [73,74] deep Convolutional
Neural Network is used to detect AMD using colour fundus
image. Table 4 shows some of the state-of-the-art methods
for AMD detection.

Discussion: From the vast literature review on retinal
abnormality detection, it can be observed that the majority
of the computer-aided methods are disease-specific. The
main cause of blindness in any of these diseases is macular
edema. Early detection of these diseases is always desired in
order to prevent complete blindness. However, early
detections of retinal abnormalities causing vision loss are
still a challenge. Therefore, the methods that focused on
detecting associated macular edema at the earliest stage are
seemed to be more beneficial in terms of preventive
measure. Most of the automated diagnostic methods are for
DME detection. Handfuls of methods are available for AMD
detection. There is no method for diagnosing macular edema
associated with RVO. One important point to be noted is
that often macular edema and cystoid macular edema are
considered to be same, but, it is not. ME is called CME
when there is any cystic change and it is mainly associated
with post-ophthalmic surgery, including cataract and
glaucoma surgery [6]. There is no automated method
available for the detection of CME. Recently, researchers
are focusing on diagnosing CME using OCT images. Again,
there is a lack of automated diagnostic method that can
diagnose multiple retinal abnormalities simultaneously and
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give alert for a possible threat to vision. Since, the main
cause of the blindness in any retinal abnormalities, such as
DR, RVO, AMD, Uveitis, post-ophthalmic surgery, is
macular edema condition; therefore, we justify the idea that
it is better to focus on macula region to prevent any cause of
blindness. In this paper, we propose a simple automated
method to analyze the macula region and detect any

Table 3. State-of-the-Art of RVO Detection

abnormality, which can be a threat to central vision
irrespective of the disease type.

Author Target Class  Method

Remarks

Hierarchical Local

based)

Accuracy 96.1%.

Accuracy 97% (images
based), 98.5% (patch-

No performance evaluation

No performance evaluation

CRVO is one of the 4 other

eye diseases for multiclass
classification

R=0.98 under Regression
plot, R=0.69 for testing.

Accuracy 97.6%.

Zhang et al. (2014 ) BRVO Binary Pattern, Support
Vector Machine
Zhao et al. (2015 ) BRVO Convolutional Neural
Network
CRVO, Fractal properties of
Fazekas et. al (2015) BRVO, blood vessels
HRVO
Zode et al (2017) BRVO Fractal analysis
Fuzzy C-means
J. Anitha et. al (2009)  CRVO clustering, Back
Propagational Neural
Network (BPN)
. Complete Local Binary
Gayathri et al.(2014) ) Pattern, Neural Network
Choudhury et al. (2018) CRVO Convolutional Neural

Network

Table 4. State-of-the-Art of AMD Detection

Author Features Methods Target Class Database Performance
. Retina Institute
Red lesions, of South Texas
Agurto et al. Exudates, AMD, DR, ; . * Sensitivity= 94%
. k-NN University of R
(2011) neovasculari Normal Specificity= 50%
- Texas Health
zation X
Science Center
biologically -
Cheng et al. Co In house Sensitivity= 86.3%
(2012) inspired SVM AMD, Normal 1 -hase Specificity= 91.9%
features
. . Linear Accuracy= 93.3%
8%2”5" etal. EZ?;I rrB]lnary Discriminant ~ AMD, Normal Lna?aobu:see Sensitivity= 91.3%
Analysis Specificity= 95.5%
Srinivasan et . SD-OCT data
al. ﬁaet'grzl SVM Rc,\:lrl:_r{a?MD, sets of Duke Accuracy= 100%
(2014) Y University
Burlina et al. . NIH AREDS — aco
(2016) Image pixels CNN AMD, Normal dataset Accuracy= 95%
Tan etal. Image pixels CNN AMD, Normal In house Accuracy=95.45%
(2018) ’ database )
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5. Proposed Method for Retinal
Abnormality Detection

The proposed method is in the early stage of research and

features to k-Nearest Neighbour (kNN) classifier. In the
following subsections, we have described the proposed
method step by step in details. Fig. 6 shows the block
diagram of the overall system and Fig. 7 shows the flow

we have conducted the initial experiments for the proposed ~ diagram of the proposed method

idea. In the proposed method, we have segmented the
macula region as our Region of Interest (ROI). After that,
we applied Linear Binary Pattern (LBP) and extracted LBP

1P > Image Image Segmentation Feature
Acquisition Preprocessing of Macula Extraction
Database Classifier
Training
- Normal Abnormal
/P Image Image Segmentation Feature
Acquisition Preprocessing of Macula Extraction
Testing

Figure 6. Block diagram of the Overall System for Retinal Abnormality detection

Image Acquisition

L

Pre-processing

Segmentation

W
Feature Extraction

l

Classification

Figure 7. Flow Diagram of the Proposed Method
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5.1. Image Pre-processing and
Segmentation

Pre-processing is an important step for any classification
task. A good pre-processing method enhances the
performance of the subsequent steps in a classification
problem. In the proposed method, we followed the pre-
processing steps used in [75]. After extracting the green
channel from the colour fundus image, using Contrast-
limited Adaptive Histogram Equalization (CLAHE), the
quality of the images is enhanced. However, no image
resizing has been done in our case during the pre-
processing step. Fig. 8 shows the sample images after
performing pre-processing.

Now, the accuracy of image analysis depends on the
performance of the segmentation of the image. To prevent
blindness due to any retinal abnormality, our main focus
is on the macula region. The fovea is the centre of macula
and any lesions near macula region can be a possible
threat to the central vision. Therefore, our Region of
Interest (ROI), which is the macula region, is segmented
or isolated using a graphical User Interface (GUI) based
bounding box. After selecting the macula region, the
segmented image is resized to 100 x 100. Fig. 9 shows the
steps involved in the segmentation process.

Normal Retina Green Channel Enhanced Image

Figure 8. Pre-processed Image Samples

Pre-processed Image Bounding box for ROI

Segmented Macula
Figure 9. Segmentation Process

5.2. Feature Extraction

In the machine learning approach, it is very important to
provide useful features to the classifier to classify images
correctly. Here, we have used Local Binary Pattern (LBP)
to extract features from the segmented macula region.
LBP is a very efficient spatial domain texture operator
that performs neighbourhood operations to convert image
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pixels into a binary value. It labels the pixels of an image
by thresholding the neighbourhood of each pixel and
considers the result as a binary number. Considering a
pixel as a centre pixel, the neighbourhood of that centre
pixel is counted as N number of neighbours within a
radius of R. It is a very powerful texture descriptor that
detects all the possible edges in the image. With a 3 x 3
cell, the grey value of each pixel of the circular
neighbourhood is computed. If the computed pixel values
are greater than the centre pixel, the N neighbour pixels
are set to the 1 otherwise set to 0. For the centre pixel p_c
and neighbouring pixel p_n with N neighbourhood, the
equation of LBP can be calculated as follows [76,77]:

LBPNR =E§;%S@R_Pc) (1)
Where,
1,ifx=0
s(x) :{0, ifx<0 (1)

In our work, we considered N = 8 and R = 1. After that,
LBP features encode local texture information into 1 x 59
based on the computed histogram bin. That means a
feature vector of 59 LBP features is generated. Fig. 10
shows the extracted LBP features for our segmented ROI,
i.e. macula region.

Segmented Image LBP Features

Figure 10. LBP features

5.3. Classification

For classifying abnormal and normal retina k-Nearest
Neighbour (K-NN) algorithm is used. K-NN is a
supervised classification algorithm which classifies a data
point to a particular class based on the class of its
neighboring data points. ‘K’ is a parameter in the
algorithm, which denotes the number of neighbors to
consider while classifying a data point. The algorithm
starts off with choosing suitable value of ‘K’. Then we
need to measure the distance between given data point
and all other points in the dataset using suitable distance
metric like Euclidean, Manhattan, etc. The ‘K’ nearest
point from the given point is found based upon their
distances. Once ‘K’ nearest neighbors are found, then the
given data point falls in the class where the majority of
the neighbors fall. This algorithm falls in the category of
instance-based learning. Fig 11 explains how a new data
is classified into a particular class based on K neighbors.
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Figure 11. K-Nearest Neighbor Algorithm

6. Experimental Analysis

We have used MATLAB®(R2017b) to conduct our initial
experiments. For the experiments, the images of different
retinal images are collected from two publicly available
databases, viz. STARE and Retinal Image Bank.

6.1. Database Used:

In this study, we have collected normal retina image
along with the five target retinal diseases, viz., Diabetic
Retinopathy, Diabetic Macular Edema, Retinal Vein
Occlusion, Age-related Macular Degeneration, and
Drusen from the following two publicly available
databases.

1. STARE Database: The STARE (STructured
Analysis of the Retina) Project was introduced by
Michael Goldbaum, at the University of California,
San Diego in 1975. It was funded by the U.S.
National Institutes of Health. The STARE database
contains 400 raw retina images size 700x605 and
TIF format with diagnostic results. The images
include normal retina to retina affected by various
diseases such as Diabetic Retinopathy, Retinal
Vein Occlusion, Coat’s disease, Hypertensive
Retinopathy, etc. [78]

2. The Retina Image Bank: It is a project from the
American Society of Retina Specialists. Launched
in August 2012. It contains 23,337 retina images
with different diagnosis and all the images are of
different size and format.

From both the databases, we have collected total 138
images of six categories (DR, DME, AMD, RVO, Drusen,
and Normal).

6.2. Experimental Results:

After image pre-processing, segmentation, and LBP
feature extraction, the features are fed to a k-Nearest
Neighbour classifier. For training k-NN classifier, a total
of 100 images are used. For a balanced training, 50
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normal and 50 abnormal images are used. The 50
abnormal image set includes 10 images from each five
target categories (DR, DME, AMD, RVO, and Drusen) of
retinal abnormality. After training, the classifier is tested
with 40 images, out of which 10 are normal images and
30 abnormal images. The details of the training and
testing images are given in Table-5.

The performance of this method was evaluated in terms
of Accuracy, Sensitivity, and Specificity. The accuracy
measures the correct classification rate of the disease and
in the initial experiment; the method has achieved 80.0%
accuracy. Sensitivity measures the percentage of the
people actually having the disease diagnosed correctly
and the method achieved a sensitivity of 90.0%. On the
other hand, specificity measures the percentage of the
people not having disease diagnosed correctly and the
method has attained 76.7%. Table-6 shows the
performance of the system. Fig. 12 shows the confusion
matrix of the classification. From the confusion matrix, it
can be observed that, out of 40 test images, the classifier
correctly classified 32 images into respective classes
(Normal and Abnormal) and misclassified 8 images. The
misclassification rate is 20%, positive predictive value is
56.3% and negative predictive value is 95.8%.

Discussion: The proposed method is just an
initialization of the idea that for fast-track treatment to
prevent vision loss, we can focus on the most important
region of the retina. Since Macula is responsible for
central vision, we particularly emphasized on the notion
of detecting any abnormality near macula region. Most of
the time people consult with the doctors or clinicians or
ophthalmologists when the situation is already very bad or
the disease progression has already started affecting the
vision. In that situation, ophthalmologists mainly check
how far the abnormalities have affected the macula
region.

Table 5. Details of Training and Testing Images

Types of Images  No. of Training No. of Testing

Images Images
DR 10 10
RVO 10 5
AMD 10 7
DME 10 4
Drusen 10 4
Normal 50 10
Total = 100 Total = 40
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Table 1. Performance Measures for the Proposed
Method

Accuracy
80%

Sensitivity
90%.

Specificity
76.7%

Confusion Matrix

N

Output Class

2
Target Class

Fig 12. Confusion Matrix for classifying Normal and
Abnormal Retinal image

Therefore, we would like to justify our contribution to
this particular field. However, the proposed method is yet
to be fully developed. The proposed method is kind of
semi-automated as the segmentation of macula region is a
manual process at this moment. Therefore, only the
medical practitioners/ophthalmologists will be able to use
this method for accurate ROI selection. The accuracy of
the method can be improved with more training images.
We can also use deep learning method, which is a very
hot trend in medical image processing field, for better
performance. Deep learning model such as Convolutional
Neural Network (CNN) can significantly increase the
classification accuracy and overall performance of the
proposed method. However, one challenge in the deep
learning models is the requirement of a large number of
training datasets. Especially, in medical filed, it is difficult
to get such large number of labelled dataset. Another
drawback of deep learning models is that they are highly
complex and carry extra computation burden. For this
kind of medical application, which is meant for the use of
healthcare clinics/hospitals, it is arguable to expect that
they will be blessed with technologically advanced
equipment, especially the rural health care centres or
hospitals. Therefore, not necessarily deep learning will be
an optimal solution in this case. An efficient automated
macula segmentation method coupled with a simple
machine learning classifier might also do the charm. In
future, we will conduct more experiments on this to find
the best, yet simple solution for retinal abnormality
detection and prevent blindness.
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7. Conclusion

In this paper, we have provided an extensive survey on
the role of macular edema condition in various retinal
diseases and how it is the prime cause of blindness. ME
leads to the permanent vision loss starting from all retinal
blood vascular diseases such as DR, RVO, AMD to post-
ophthalmic surgical condition Cystoid Macular Edema
(CME). We have also discussed the various state-of-the-
art automated methods for detection of various retinal
blood vascular diseases, particularly, DR, RVO, DME,
and AMD. We pointed out that most of the existing
methods are disease-specific. We justified the notion that
it will be beneficial to have a method that can analyse the
macula region and alert if there is any abnormality near
that region to prevent vision loss. To support the notion,
we also proposed a simple method to detect retinal
abnormality using colour fundus image. The proposed
method is an initial experiment that uses a semi-
automated macula segmentation method. Then, it
automatically classifies the images into normal and
abnormal using kNN classifier. The method has attained
an accuracy of 79.2%, sensitivity of 85.7%, and
specificity of 70%. This project has a diverse future
scope. The two main future prospects are: i) we can
improve the performance using deep learning models or
ii) we can find an optimized machine learning classifier
coupled with accurate automated segmentation method to
make it “ease of use” by all healthcare centres in both
urban and rural areas
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