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Abstract—: The macula detection is an important step for
screening retinal diseases. Several methods have been proposed
for detecting macula, with the aim of achieving a higher
detection performance despite retinal pathologies. Their
processing principles are based on well-known anatomical
criteria of macula. However, these criteria are subject to
significant changes caused by various eye pathologies.
Therefore, it leads to a non-performing macula detection, and
hence pathology screening. The objective of this work is to study
the robustness of the macula detection methods in terms of
retinal pathologies. For this purpose, the main macular criteria
are extracted. Then, recent macula detection methods are
detailed where the macula criteria taken into account are
identified. Thereafter, the retinal pathologies that affect the
macula are listed where caused macula changes are figured out.
This study allows us to synthesise the robustness of each method
in terms of pathologies.

Keywords— Macula, Fundus image, Macular pathologies,
Machine Learning.

I. INTRODUCTION

Fundus examination is a valuable tool in screening several
retinal diseases, such as hypertensive retinopathy and
cardiovascular diseases [1]. The fundus image allows
modelling the internal side of the retina which is composed by
a macula, an Optic Disc (OD) and a vessel tree. The macula is
responsible for clear, sharp and detailed vision [2], where its
center is called the fovea. The macula is characterized by a
circularity, darkness with respect to other retinal components,
and a lack of vessels. Several methods of locating the macula
have been proposed in the literature. The aim of these methods
is the efficient detection of the macula from healthy and
pathological images. They differ in terms of addressed macula
characteristics. Several recent methods have succeeded to
achieve high detection performances. Several studies have
been proposed concerning the macula detection methods [3,
4], which are interested in classifying methods in terms of
processing principles.

However, several pathologies may affect the macula
and involves changing its characteristics such as increasing its
intensity in the case of Macular Hole (MH) or Diabetic
Macular Edema (DME), altering its circularity as in Age-
related Macular Degeneration (AMD) or Retinal Venous
Occlusion (RVO), or adding vessel as in Proliferative Diabetic
Retinopathy (PDR) [5]. Knowing that they are based on.
macula characteristics their performances may degrade with
respect to the affected pathologies. The objective of this work
is to carry out a comparative study of macula detection
methods and evaluate the robustness of macula
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Fig. 1. The components of the eye fundus.

detection in terms of pathologies. The remaining sections of
this paper are organized as follows. In section 2, we describe
the characteristics of the macula. The section 3 is dedicated
for detailing the main pathologies that affect the macula
region. We describe recent macula detection methods in
section 4. In section 5, we study the robustness of the macula
detection in relation to pathologies. Finally, we conclude and
suggest perspectives in section 6.

II.  MORPHOLOGICAL CHARACTERISTICS OF THE
MACULA

The macula is the central area of the retina. It is responsible
for central vision [6] and it plays an essential role in the
precision of gestures and activities. The macula has main
characteristics which are:

e Circularity: the macula is the central circular area ([6])
of the retina. The macula center has a small depression
called the fovea.

e Intensity: the ‘ganglion cell Layer’ becomes thinner until
disappearing in the fovea. Therefore, the macula appears
as the darkest region [6] compared to other components
of the retina with degradation in intensity until reaching
the fovea, as shown in the fundus image of Figure 2(A)
and the OCT in Figure 3 [7].

e Lack of vessels inside: the macula is an area devoid of
retinal vessels [8]. Figure 2(B) shows a segmentation of
the retinal vessels which are lacking in the central macular
zone, called central avascular zone.

e Elliptic form of main vessels around: the macula diameter
is between 3 to 4 mm where the OD to fovea distance is
equal to 2.5 times the OD diameter [6]. the macula is
positioned in the center of the elliptic form of main
vessels [9].
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Fig. 2. the characteristics of the macula: (A) Circularity / intensity and
Elliptic form of main vessels around, (B) lack of vessels inside.

III. MACULAR PATHOLOGIES

In this section, we detail the main ocular pathologies
affecting the macula, where we focus on AMD, RVO, MH,
DR and DME.

A. Age-related Macular Degeneration (AMD)

The AMD is a chronic, progressive and disabling
degenerative retinal disease. It affects the macula causing
degeneration of visual retinal cells (yellow spots on the
retina). It affects elderly people after 50 where 30 million
people worldwide have AMD. The dry AMD form implies
adding high intensity lesions called drusens as illustrated in
figure 3.(a), where wet AMD brings to adding new abnormal
retinal vessels in the macular region, called choroidal
neovessels as shown in the fundus image of figure 3.(b) [10].

B. Macular Hole (MH)

The MH causes a tear in macular tissue. It affects three in
every thousand elderly people worldwide. This disease causes
a distorted perception of central vision (scotoma) or an area of
blurred vision in the center of the visual field. This pathology
gives the possibility for the appearance of new dark areas.
There are two main successive stages of MH: the lamellar MH
affects only certain layers of the retina and are less dangerous
for vision [11]; the full-thickness MH affects all retinal layers
and causes significant loss of vision as shown in figure 3.(c)
[12].

)

C. Diabetic Retinopathy (DR)

The DR reaches people who have diabetes for several
years, where 93 million people worldwide are affected. The
Non Proliferative DR stage causes lesions close to the main
vessels as illustrated in figure 3.(d). The proliferative DR stage
leads to adding new abnormal blood vessels in the whole
retina, and particularly in the macula as shown in figure 3.(e).

D. Retinal Venous Occlusion (RVO)

The RVO is the second most common cause of retinal
vascular disease, after the DR. It corresponds to a slowdown
in the venous circulation of the retina, hence suffering the
retinal cells from lack of oxygen. The RVO begins after the
age of 60 and reaches 16.4 million worldwide. The first RVO
stage affects the central vein of the retina. It is characterised
by the presence of small hemorrhages next to the blood vessels
as shown in figure 3.(f). The second stage leads to a
circulatory disorder that affects all retinal venous drainage. It
is characterized by severe tortuosity and dilatation of all
branches of the central retinal vein as illustrated in figure 3.(g)
[13].

E. Diabetic Macular Edema (DME)

The DME is caused by a thickening of the macular region
due to the buildup of blood and fluid in the macula. The DME
begins after age 50 and reaches 21 million worldwide. It is a
common cause of progressive vision loss among diabetic
patients which can lead to blindness. It causes bright lesions
in the macular region. Between the two stages of DME, the
difference relies on the distance between the fovea and the
lesions [14], which is below two times the diameter of OD in
the case of the severe stage, as illustrated in figure 3.(h).

Fig. 3. The DME is caused by a thickening of the macular region due to the buildup of blood and fluid in the macula. The DME begins after age 50 and
Pathological fundus images: (a) Dry AMD; (b) Wet AMD,; (c) MH; (d) non-proliferative DR; (e) proliferative DR; (f) Branch RVO; (g) central RVO; (h)

DMLA.



TABLE IL PATHOLOGIES CONTAINED IN DB

TABLE L CHANGES EFFECTED BY PATHOLOGIES ON THE MACULA
Morpholigical | AMD | RVO | MH | DME | DR athology | AMD | RVO | Macular | DME | DR
o e DB hole

cl{aractef‘lstlc E-OPHTHA - - - % =

Circularity X X X ARIA X - - . .

Intensity X X X X MESSIDOR R R _ X X

Inside lack of X X X HEIMED - - - X -

vessels DIARETDB0 - - - X X

Relative main DIARETDBI1 - - B R X

vessels Position DRIVE - - - - X

STARE X - N - X

HRF - - - - X

F. Impact of Macular Pathologies on the Morphological KAGGLE - - - - X

Characteristics of the Macula

The detection of the macular region plays an important
role in the detection of pathologies. It is therefore very
important to identify this region with great precision. The
higher intensity of drusens and exudates caused by AMD and
DME, respectively, and the dark texture of MH involves
altering the intensity distribution of the macula. Furthermore,
the drusens involved by AMD or the hard exudates of the
DME or MH tear, involves modifying the circular border of
the macula. In addition, the new abnormal retinal vessels in
the macula involve changing the criteria of the lack of vessels
in the macular region. However, based on the anatomy of the
retina, there is no pathology that affects the size of the macula
and repositions it in relation to other components. The changes
in the characteristics affected by the pathologies are shown in
Table 1.

IV. RELATED WORKS: SYNTHESIS OF MACULAR
LOCATION METHODS

The public databases available online which are
MESSIDOR, DRIVE, DIARETDBI and HEIMED are the
most used to evaluate macula detection methods. The majority
of DBs contain DR affected images and Some of them contain
AMD affected images. However, no one contains images
including MH or RVO pathologies. Table 2 characterizes the
pathologies contained in the DBs. We deduce that the works
detailed in [6], [15] and [16] achieve better performance when
using MESSIDOR rather than using DIARETDB1 which
contains more pathological images. According to the detection
metrics illustrated in table 1, the intensity based methods are
always performed in reduced execution times compared to
other ones.

The morphological characteristics of the macula (e.g.
circularity, intensity, absence of vessels, position relative to
the retina center, distance from the OD and relative position
to vascular structure) have been explored by macula
localization methods [17], [18]. In the work proposed by
AKRAM et al. [19], intensity is used to identify dark regions
from the retinal texture. Then, a classification based on the
"Gaussian mixture model" (GMM) algorithm is applied to
classify candidate regions as macular or non-macular.
Similarly, intensity is used to segment the macula and identify
the fovea in the method proposed by [19] et al [20] and Kumar
et al [21]. The intensity feature is combined with the fovea -
OD distance in the methods proposed by Kamble et al. [22],
Singh et al. [23] and Rahim et al. [24]. In Aquino's work [6],
circularity and the retinal axis are used to segment the fovea.
Then, the robustness of the method is improved by using the
avascular feature and the fovea-DO distance feature in the
case of the presence of several lesions in the macular zone.

In the work developed by MEDHI and DANDAPAT [25],
vessel intensity and absence characteristics are used, to detect
and then to eliminate the OD, fundus lesions, and then to
locate the macula center. The work of MUBBASHAR and
AKRAM [26] explored the retinal axis, the vascular tree, the
OD-fovea distance, and circularity for macula detection.

Alan D Fleming et al [27] detect the main vessels, then use
the elliptical shape to locate the OD. Subsequently, the
intensity and OD-fovea distance are explored to detect the
macular zone. Li and Chutatape et al. [28] used the "modified
active shape model" [29] for vessel segmentation.
Subsequently, the position of the macula is obtained by fitting
he parabolic model to the geometric distance.

Tobin et al [30] have proposed a method for localizing the
fovea based on morphological features of the macula such as
position relative to the vascular structure and distance from
the OD. The method starts with the segmentation of the
vascular structure using the method proposed in [31].
Subsequently, a parabolic model is used to extract the macula
area encompassed by the main vessels. The location of the
fovea is finally deduced as a function of distance from the OD.
In work [32], the authors proposed a method consisting in
segmenting the retinal blood vessel structure and fitting it with
a parabolic model, with the aim of locating the fovea in the
image as the vertex of this parabolic curve. Table 3
summarizes the characteristics and details of the above-
mentioned works.

V. DISCUSSION

Accordingly, the validation of macula location method
should be based on the three anatomical criteria at the same
time, where it has been demonstrated that the use of one or
two characteristics does not guarantee an efficient detection of
the macula. Moreover, the method evaluation should be
performed using a DB containing all macular pathologies to
guarantee its performance in the clinical context.

The morphological characteristics used by each method
for the macula detection are cited in this table 1. Automated
macula detection can play a major role in early detection of
the disease. The earlier the disease is detected, the better the
chances of saving eyesight. In recent years, much research has
been published in this regard. In the literature, most of the
methods use the color characteristic. To achieve an efficient
location of the macula despite the macular pathologies, the
method should take into account the eventual changes caused
by the pathologies to the features of the macula.



TABLE IIL.

LITERATURE REVIEW ON MACULAR LOCATION METHODS

Morphological characteristic
of the macula

O g O 72}
2 »|lwg T5 2 < Databases . o
Work g @ ; E 5 j‘f § :«% (N° of images) accuracy Processing principles
5 2| 83 28 =2
S| = =22 g s~
o =g =
Akram et al.[18] X X MESSIDOR (1200) 98.4% Adaptative thresholding
HEIMED (169) 95.2%
etal. [19] DIARETDBO (130) | 96.92% Clustering
X DIARETDBI (89) 97.75%
HEIMED (169) 98.81%
Kumar et al. X MESSIDOR (1200) 96% Top hat filtering
[21]
Kamble et al. X X MESSIDOR (1200) | 99.66% Digital wavelet
[22] HEIMED (169) 99.4% transformation
Singh et al. [23] X X NA NA Morphologic operators
Rahim et al., HRF (45) NA Fuzzy Filtering
[24] X X DIARETDBO0(130) Tophat filtering
MESSIDOR(1200)
Aquino et al. [6] X X X MESSIDOR (1136) | 98.24% Low pass filtering
DIARETDBI (89) 94.38% Invarying Moment charact.
Medhi et DRIVE (37) 100% otsu thresholding
Dandapat [25] X X DIARETDBI (89) 95.51 Canny filtering
Black top-Hat filtering
Medhi and DIARETDBO0(127) 96.85% Morphological operations
Dandapat [33] X X DIARETDBI1(86) 97.67% Otsu’s thresholding
HREF (45) 100% Black tophat filtering
MESSIDOR (400) 96.25%
Deka et al.[34] MESSIDOR (800) 97.75% Digital wavelet
X DIARETDBI (89) 95.5% transformation
STARE (50) 96% Region-growing method
Alan D Fleming Local (1056) 96.5% Gradient filtering
etal [27] X X STARE (79) 89.2% Hough Transformation
Region growing method
Li et Chutatape Local(35) 100% Active form method
et al. [28] X X linear least square
Kao et al.[32] DIARETDBO (130) 93.1%
X X DIARETDBI (89) 92.1% Gaussian filtering
MESSIDOR (1200) 97.8%
Tobin et al. [30] Local (345) 92.5% Convolution filtering
X X Steerable filtering
Hough Transformation
Chin et al [35] MESSIDOR 80% Wavelet transformation
X X GMM classifier
Zheng et al. [36] DRIVE 100% Morphological operators
X | X HEI-MED 98.8%
DIARETDBI 93.3%
J. H. Tan[37] X DRIVE (40) 92.68% CNN with 7 layers
Y. Fu [38] Kaggle (120) 89.16% Surface fitting
X X Messidor (100) 97% Unet
IDRiID (516) 95.34%
L. Huang [39] X IDRiD (516) 97.8% ResNet
Messidor (1200)
Hasan et al [40] IDRiD (516) 100% DRNet




VI. CONCLUSION AND FUTURE WORK

Several works are proposed for the detection of the macula
in fundus images. The challenge is to ensure a robust detection
of the macula independently from ocular pathologies. The
objective of this work is to study the robustness of the
detection of the macula in relation to pathologies.

For this purpose, we identified the main macula
characteristics. Then, we described the localization methods
and the macular pathologies. Thereafter, the robustness
method is discussed based on pathologies. This study allows
to recommend future works to address all anatomical criteria
of macula to achieve a higher location performance whatever
the pathology is. Moreover, it is essential to propose Data
Bases composed by images affected by all main macular
pathologies to ensure a trustworthy evaluation.
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