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Diabetes is a common disease that has affected
more than 285 million individuals™. Diabetic macular
edema (DME) is an ophthalmic disease that causes
vision loss. Patients with diabetic retinopathy (DR)
may also be affected by DME®. Biomicroscopy,
fluorescein angiography, optical coherence
tomography, and color fundus photography have been
used to guide treatment and follow-up in DME.
Shading fundus imaging is utilized for analysis, and
follow-up of retinal diseases™. It captures the three-
dimensional fundus in two-dimensional pictures using
a fundus camera. A two dimensional Fundus
camera—provides a vertical and amplified view of the
inner structures of the eye attached at the highest
point of the camera™. There are two types of DR: non-
proliferative and proliferative. Abnormal development
of the veins and accumulation of liquid near the
macula are chief causes of DME"™. DME generally
affects patients with type Il diabetes. The diagnosis of
DME is based on Optic Disc (OD) examination and
detection of exudate (EX) in the macular region by
fundus photography. Detection of EX is difficult
because of the high intensity which appears similar to
OD. The division of OD and blood vessels (BVs) is a
significant strategy identify the macular and the
macular focus known as the fovea. This consequently
decreases the spillage in the macula and prevents
vision deterioration. DME increases the risk of
cardiovascular illnesses, stroke, nephropathy, and
neuropathy.

This paper is organized as follows: section 2
describes the existing strategy used to detect DME.
Section 3 describes the data used for
experimentation. In section 4, a strategy has been
proposed for the diagnosis of DME in retinal images.
Section 5 presents the outcomes of the proposed
technique and performance measures are computed
to determine the sensitivity, specificity, and accuracy
of the proposed method. Section 6 presents our
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conclusions and suggestions for future advances in
this field.

The literature extensively describes the use of
advanced imaging methods to detect DME. Exudates
have been detected in the macula in two studies.
Akram et al. introduced a novel technique of
identifying EX and macula using a feature set and
Gaussian mixtures model based classifier.
Giancardo et al. proposed shading, wavelet
disintegration, and automatic lesion segmentation
for DME anaIysism. Deepak et al. have proposed a
supervised learning method for DME recognitionls].

The  researchers  obtained 45  fundus
photographs, with 15 each of normal, DME affected,
and glaucoma affected individuals, from the HRF
database  (https://wwwb5.cs.fau.de/research/data/
fundus-images/). These images were taken using a
Topcon CR1 fundus camera.

The identification and prediction of DME is
performed with the sequence of steps described
below in retinal images. Furthermore, it incorporates
the additional phases. Brightening revision is a
preprocessing step performed to reduce artifacts and
uneven brightening display of the retinal picture.
Precise identification of the OD may be necessary to
decrease the false positive rate (FPR) to identify EXs.
AtanassoV’s intuitionistic fuzzy sets (A-FIS) algorithm is
used to segment OD and will also be uprooted by the
succession of morphological operations. The bottom-
hat transformation was used to segment the main
blood vessels. The raphe estimation strategy will be
used to identify the macula and fovea, and gradient-
based versatile thresholding may be used to identify
EXs in the macula.

The input RGB image is pre-processed for noise,
illumination and contrast enhancement by Weiner
filter of 5x5, median filter, and mapping the
intensity values from 0 to 255 respectively. The pre-
handled RGB picture was changed to grayscale and
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utilized for additional preparation. The A-FIS is used
to segment OD and described using two
characteristic functions expressing the degree of
membership and the degree of non-membership of
elements. A-FIS histon consists of pixels that belong
to the set of similar color pixels. The rough set
theory is used to correlate upper and lower
approximations of A-FIS histon. The histogram and
roughness index were used to obtain the optimum
threshold values for OD segmentation.

The BVs of the eye play a significant role in the
sustenance of the eye. The site at which these BVs
merge is the OD. BV is a significant retinal milestone
in OD identification. On further thresholding, the
major BVs are detached in a two-fold picture and
then superimposed on an RGB picture. The center of
the OD and center of the BV origin are taken as the
OD co-ordinates Xgp and Ygp, respectively. The OD
coordinates are utilized to draw the raphe. The
raphe is drawn to reach the macular region which is
the darkest region in the image, and the raphe
separates the superior and inferior regions. This is
the area with the highest number of cones and rods
per unit area in the retina. The center darkest pixel
of the macular region is called fovea. It will be
located in the neighborhood of the OD, and it is
responsible for central vision. The raphe drawn
should be at a distance of 2.5 OD diameters (DOD)
from the center of the OD in order to detect the
fovea accurately. The fovea will be approximately 2
mm in diameter®.

The resultant macula region image is segmented
into seven clusters. It groups similar data into
clusters. The membership grade is used to specify a
degree of membership during each assignment of
data to a cluster. Let it be considered that there is a
collection of N data to be segmented into 7 classes
or groups. It contains a membership matrix m of size
7 x N. The matrix element m; represents
membership of the jth data Y; to class i. The
following steps are performed to detect exudates in
macula region[m].

For the proposed convolution neural network
(CNN) model, input fundus images were enlarged to
224 x 224 pixels and cropped to 512 x 512 pixels. The
images were scaled to 224 x 224 pixels because the
original image size was too large for the CNN because
of the high-power computations. The proposed model
is a modified version of X ception with 85 layers and
inputs of 1, convolution of 23, maximum activation
(13), dense layers (1), dropout (1), pooling (12), add
(11), and activation (23). The employed convolutional
layers comprised (1,1) and (3,3) size filters using 64 to

1,024 filters across different network layers, as well as
the Rectified Linear Unit (RelLU) function for
triggering. The output from the preceding block was
combined with the layers to reduce data loss in each
block. By selecting the highest values from the
processed photos, the max-pooling layer was used to
spatially minimize the image dimension. Following the
transformation, activation from the preceding layer
was employed to maintain a mean activation close to
0 and a variance close to 1. Next, nonlinearity was
added to the output from the previous step using the
activation layer, whereas overfitting of the model was
avoided using the dropout layer. The proposed model
used a 0.2 drop rate with a global layer of max pool to
convert a 3D output from the previous layer to a 2D
output. In addition, a thick layer was used to create a
completely connected network with a sigmoid-shaped
activation function. Finally, the DME and normal
pictures were distinguished using a logistic regression
technique, with the optimizer and loss function being
AdaDelta and binary cross-entropy, respectively.

The proposed technique was applied to retinal
pictures in the HRF dataset using MATLAB on a PC-
based framework. The qualitative and quantitative
outcomes are presented in this subsection, and the
advantages of the technique for the division and
concealing of the OD are shown in Figure 1.

The macular and foveal findings are presented in
Figure 2.

The edge of the raphe is directed towards the
fovea. The macular area is indicated using a square,
which encases the haziest section of the fundus
image. The cross indicates the raphe edge and is
identified as the fovea, which is at 2.5 OD breadths,
as shown in Figure 2B. The macular region was
trimmed independently for additional preparation,
as shown in Figure 2C.

The performance of the segmentation of the OD,
EX, and recognition of the fovea was investigated
quantitatively using different measures. Parameters,
such as sensitivity (SE), specificity (SPE) and accuracy
(ACC), were used to judge the performance of DME
recognition. To quantify these boundaries, the
divided OD and EXs were contrasted, and ground
truth pictures were drawn with the assistance of a
master ophthalmologist. In the event that the raphe
distance attracted from OD focus to fovea focus
(blunder) is inside 34 pixels, then, at that point the
fovea is effectively distinguished. The presentation
measures, such as SE, SPE, and ACC, were assessed
for the proposed EX division calculation on retinal
pictures. The results are presented in Table 1.

The identification of DME in retinal pictures
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Figure 1. Results of optic disc segmentation and masking for DME detection. DME, diabetic macular
edema.
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A. Raphe drawn from OD center to macula

B. Macula and fovea region detection

C. Cropped macula region for exudates detection

Figure 2. Results of macula and fovea detection in DME images.

Table 1. Comparison of different EX segmentation method based on performance measures

Author name and year Algorithm SE (%) SPE (%) ACC (%)
FCM 73 97 95
k-means 88 95 95
Santhi et al. 2014™"
k-means and morphology 96 91 91
Fuzzy 91 94 93
Proposed Method Gradient-based adaptive thresholding 98.2 97.4 99.23

Note. SE, sensitivity; SPE, specificity; ACC, accuracy; EX, exudate.

utilizing A-FIS calculation, raphe assessment, and
slope-based versatile thresholding for the division of
OD, EXs, and recognition of fovea is proposed in this
work. The proposed technique was applied to
different retinal pictures using MATLAB, and the
results were introduced. The outcomes obtained for
retinal pictures were contrasted with ground truth
pictures based on the master ophthalmologist’s
explanation. The SE, SPE, and ACC were assessed for
OD and EX, and the segmentation of OD had an SE of
95.21%, SPE of 82.36%, and ACC of 99.21% utilizing
A-FIS histon calculations. The segmentation of EXs
had an SE of 98.2%, SPE of 97.4%, and ACC of 99.2%
using angle-based versatile thresholding. The
presentation measures were contrasted using
different strategies.
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