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1 Introduction

Abstract: Retinal image analysis is one of the important
diagnosis methods in modern ophthalmology because
eye information is present in the retina. The image acquisition process may have some eﬀects and can aﬀect the
quality of the image. This can be improved by better
image enhancement techniques combined with the computer-aided diagnosis system. Deep learning is one of the
important computational application techniques used for
a medical imaging application. The main aim of this
article is to ﬁnd the best enhancement techniques for
the identiﬁcation of diabetic retinopathy (DR) and are
tested with the commonly used deep learning techniques, and the performances are measured. In this article,
the input image is taken from the Indian-based database
named as Indian Diabetic Retinopathy Image Dataset,
and 13 ﬁlters are used including smoothing and sharpening ﬁlters for enhancing the images. Then, the quality
of the enhancement techniques is compared using performance metrics and better results are obtained for
Median, Gaussian, Bilateral, Wiener, and partial diﬀerential equation ﬁlters and are combined for improving the
enhancement of images. The output images from all the
enhanced ﬁlters are given as the convolutional neural
network input and the results are compared to ﬁnd the
better enhancement method.

Diabetic retinopathy (DR) is the major cause of blindness
and it mostly aﬀects people with diabetes. Identifying DR
at an early stage can prevent vision loss and this needs
trained ophthalmologists and computer-aided diagnosis
(CAD) systems. The performance of the system can be
improved by the quality of the given retinal fundus image
and proper image enhancement techniques. To improve
the quality of the image, for diagnostic purposes, a fundus
image is taken using a fundus camera after dilating the
pupil with eye drops and fundus focusing. Fundus photography includes an intricate microscope ﬁxed to the
fundus camera with ﬂash and can be observed with dyes
like ﬂuorescein and indocyanine green or with colored
ﬁlters. The monocular indirect ophthalmoscopy principle
is the optical design of the fundus camera, and the resultant images are magniﬁcent in showing the optic nerve
through which signals transfer from the brain and retinal
vessels can be visualized. The images obtained from the
fundus camera can be stored and used for future purposes.
The medical image acquisition system introduces a
few noises and should be removed for better analysis.
Noise can be removed by ﬁltering techniques with the
prior knowledge of the ﬁlters by preserving the details
in an image. Filters are used to enhance or modify an
image, and the performance of image enhancement techniques depends on the ﬁlter chosen. It can be used to
highlight or remove features in an image and ﬁltered
out either in frequency or spatial domain [1,2]. Image
processing carried out with ﬁltering includes smoothing
ﬁlters, sharpening ﬁlters, and edge enhancement. In a
smoothing ﬁlter, each pixel value is replaced by the
average pixel and can remove ﬁne details in an image.
Sharpening ﬁlters highlight ﬁne details in an image by
removing the blur and highlighting edges. Edge enhancements enhance the contrast of edges in an image [3–5].
Illumination and equipment factors aﬀect the quality
of an image. The gray level dynamic range is increased to
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improve the original image by contrast enhancement and
this helps ophthalmologists to diﬀerentiate normal or
abnormal regions in an image [6]. The contrast variation,
low contrast improvement, and irregular illumination
suppression lead to the pre-processing stage [7]. This
method mainly helps the CAD system and visual assessment for better segmentation and classiﬁcation in retinal
fundus images [8].
Image enhancement techniques in retinal images
improve the segmentation of optic disc, blood vessels,
and clinical features [9]. Based on the noise in retinal
images, enhancement techniques can be classiﬁed into
various categories like image resolution enhancement, ﬁltering, histogram equalization (HE), morphological operations, fuzzy-based enhancement, and transform-based
enhancement. The image resolution method gives the
importance of resizing an image for reducing the memory
size and speeding up the process of classiﬁer [10]. The
ﬁltering-based method maximizes the ﬁlter response to
structures in fundus images for segmentation [11]. The
quality of an image can be diﬀerentiated by the contrast
factor and this solves illumination correction by HE [12].
The morphological operation has diﬀerent parameters like
size, shape, and structuring elements for measuring the performance of the method by varying the values. This helps in
improving the retinal image enhancement and further process [13]. The fuzzy-based method also enhances the contrast in an image with sharp boundaries and smooth regions
[14,15]; transforms can increase the contrast to improve the
quality of an image with sharp edges [16].
Deep learning methods are an important artiﬁcial
intelligence method for medical applications. The deep
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convolutional neural network (CNN) gives high accuracy
by automatic feature selection [17,18]. Multiple features
can be used in CNN for classiﬁcation, and the hierarchy
approach is used to learn complex features. The accuracy
of the classiﬁcation method can be improved by translation and distortion features in higher layers [19]. The
CNN can solve the problems in the identiﬁcation of accurate
detection of many diseases [20]. The application of image
enhancement techniques is in underwater images, infrared
images, medical images, satellite images, and so on. From
the literature studies, it is proved that for better segmentation and classiﬁcation methods, image enhancement techniques should be properly selected by ﬁnding the noise
present in the available retinal fundus images.
In this article, various enhancement methods have
been implemented, and the performance metrics have
been tabulated and the variations in the values are
clearly shown in graphs. The structure of the article is
as follows: Section 2 gives the retinal image enhancement
block diagram as well as various image enhancement
techniques and their performance metrics comparison;
Section 3 gives the combinational ﬁlters and their performance metrics; and Section 4 gives the convolution
neural network architecture and the accuracy obtained
from all of the enhanced ﬁlters.

2 Retinal image enhancement
The retinal image enhancement techniques are helpful in
removing noise, brighten the image, or improving the
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Figure 1: Block diagram for retinal image enhancement.
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contrast in an image. The original image quality and
information content can be improved before processing
by mathematical techniques. This can be useful in identifying features and further image analysis. The general
block diagram for retinal image enhancement is shown in
Figure 1.

2.1 Retinal fundus image
The input retinal fundus image is taken from the Indianbased database named as Indian Diabetic Retinopathy
Image Dataset given by ISBI 2018 challenge. This dataset
consists of 516 images for grading of DR in which the
number of normal fundus images is 168 and DR-signed
images are 348, taken from the eye clinic in Nanded,
Maharashtra, India. The input retinal fundus image taken
is shown in Figure 2.

2.2 Image resizing
Image resizing is required to increase or decrease the
total number of pixels in an image because the images
in the dataset or real-time images may vary in the pixel
range and may slow down the classiﬁer. Hence, the medical images can be resized by pixel values of 256*256,
512*512, 1,024*1,024, and so on to speed up the further
process. The images taken in this article are resized to the
pixel range of 256*256 and are shown in Figure 3.

2.3 Splitting of RGB channels
The resized RGB image is then split into red, green, and
blue channels for the localization of blood vessels. The
red channel is low contrast and brightest color channel
with more information of optic disc, the blood vessels
that can be used for identifying diseases like glaucoma
but not suitable for DR because of more noise. The green
channel has more information on retinal blood vessels
and clinical features because of the high contrast level
that can be used for the grading of DR. The blue channel
does not have much information because the contrast
level is very low and mostly not used for disease identiﬁcation. The splitting of red, green, and blue channels for
the images taken in this article is shown in Figure 4.

Figure 2: Retinal fundus image.

2.4 Green channel to grayscale conversion

Figure 3: Resized image.

Color information does not help us to identify edges or
other features in most cases, and therefore, it is converted
into a grayscale image. Grayscale conversion reduces the
memory size and this is a single-layered image; hence, in
morphological operation, segmentation problems can be
solved easily. In this article, only the green channel is

Figure 4: Splitting of RGB channels: (a) red channel, (b) green channel, and (c) blue channel.
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PSNR is the most commonly used metric for image enhancement techniques and is given by

PSNR = 10 log10

Figure 5: Green channel to grayscale conversion.

converted because the blood vessel needed for the future
process is clearly visible and the converted image is
shown in Figure 5.

2.5 Retinal image enhancement
Image enhancement techniques are used for removing
noise, highlighting the features, and improving the quality
of an image. The quality of an image can be improved by
contrast enhancement, i.e. separating the dark regions in
an image. This can be accomplished by using ﬁlters;
numerous ﬁlters are available for enhancing the images
such as smoothing, sharpening, and edge enhancement
ﬁlters. In this article, 13 simple ﬁlters have been proposed
for obtaining the enhanced blood vessel structures.
The proposed ﬁlters are median ﬁlter (MF), Gaussian ﬁlter
(GF), HE, contrast limited histogram equalization (CLAHE),
Tophat ﬁlter (THF), bottomhat ﬁlter (BHF), canny edge
detection (CED), bilateral ﬁlter (BF), Laplacian ﬁlter (LF),
Sobel ﬁlter (SF), Wiener ﬁlter (WF), homomorphic ﬁlter
(HF), partial diﬀerential equation (PDE); they are explained
with their mathematical expressions and output images in
Table 1.

2.6 Performance metrics
The performance of the image processing algorithms or
enhancement ﬁlters can be evaluated by various quantitative measures. The metrics such as peak signal-to-noise
ratio (PSNR), entropy (E), mean square error (MSE), root
mean square error (RMSE), structural similarity index
measure (SSIM), contrast improvement index (CII), absolute mean brightness error (AMBE), linear index of fuzziness (LIF), relative contrast enhancement factor (RCEF),
and universal image quality index (UQI) are used to ﬁnd
which image enhancement techniques give better results.

2552
1
MN

∑ij (gij − fij )2

,

(1)

where f and g are the original and the enhanced images
and M and N are the row and column pixels in the image,
respectively. The highest PSNR value gives better performance. The information content in the image is measured
using E, and the mathematical equation is given by
L−1

(2)

E[ p ] = − ∑ p(J ) log2p( j ) ,
J=0

where p is the normalized histogram counts and L is the
number of intensity levels. The E value ranges from 0 to
8, and a higher value of E has more details and gives
better performance. MSE is the cumulative square error
between the original and enhanced image, and the mathematical expression is given by

MSE =

1
mn

m−1 n−1

∑ ∑ [I (i, j ) − K (i, j )]2 ,

(3)

i=0 j=0

where I and K are the original and enhanced images, and
m and n are the rows and columns in the image, respectively. A low value of MSE indicates a lower error in an
image. RMSE is used to ﬁnd the quality of an image. The
square root of MSE is RMSE and is given by

⎡ 1
RMSE = ⎢
mn
⎣

1/2

m−1 n−1

⎤

∑ ∑ [I (i, j ) − K (i, j )]2 ⎥
i=0 j=0

(4)

,

⎦

where I and K are the original and enhanced images, and
m and n are the rows and columns in the image, respectively. A low value of RMSE indicates a lower error in an
image. The change in the structural similarity between
the original and enhanced images is measured by SSIM
and is given by

SSIM (x , y ) =

(2μx μy + c1)(2σxy + c2 )
(μx2

+ μy2 + c1)(σx2 + σy2 + c2 )

,

(5)

where μx and μy are the average of x and y, respectively;
σx2, σy2 and σxy are the variance and covariance of x and y;
and c1 and c2 are variables. The values range from −1 to 1;
if the value is exactly 1 it is considered to be of perfect
structure similarity and if the value is lower, then there is
no structural similarity. The contrast level in the image is
measured using CII and is given by

CII =

cen
,
c

(6)
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Table 1: Proposed ﬁlters with their mathematical expressions and output images
Filters

Mathematical expressions

Advantages

MF

f (x , y ) = median{g(s, t )}

1. Smoothing ﬁlter
2. Removes noise and preserve edges
3. Highlights blood vessels

GF

G(x , y ) =

HE

P (rk ) =

CLAHE

g = [gmax − gmin] ⁎ p( f ) + gmin

1. Sharpening ﬁlter
2. Improves low- contrast medical images and tiny blood vessel
extraction

THF

T(f ) = f − f ⋅ b

1. Sharpening ﬁlter
2. Improves contrast
3. Enhances light objects on a dark background in an image and
reserves sharp bottoms

BHF

T(f ) = f ⋅ b − f

1. Sharpening ﬁlter
2. Enhances dark objects on light background
3. Extracts blood vessels

CED

∣G∣ =

BF

I=

1
WP

2 2
2
1
e−(x + y ) / 2σ
2πσ 2

1. Smoothing ﬁlter
2. Blur edges, and reduces noise and contrast
3. Enhances blood vessels

1. Sharpening ﬁlter
2. Modiﬁes image intensity
3. Enhances contrast in an image

nk
n

Gx2 + Gy2 = ∣Gx ∣ + ∣Gy ∣

1. Smoothening ﬁlter
2. Detects edges by preserving important structural properties in an
image

∑ I(x )f (∥I(x ) − I(x )∥)

1. Smoothing ﬁlter
2. Removes noise and preserves edges
3. Retinal blood vessels are preserved

i

xi ∈Ω

Output images

r

i

(continued)
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Table 1: (continued)
Filters

Mathematical expressions

LF

L(x , y ) =

SF

G=

∂2I
∂x 2

+

∂2I
∂y 2

Output images

1. Sharpening ﬁlter
2. Enhances edges of blood vessels
3. Enhances features with sharp discontinuity

1. Smoothing ﬁlter
2. Enhances edges and detects features

Gx2 + Gy2

Θ = a tan

Advantages

( )
Gy
Gx

1. Smoothing ﬁlter
2. Removes noise and blurring eﬀect
3. Measures contrast between original and lowpass ﬁlter

WF

Hw (u, v ) =

HF

I (X , Y ) = L(X , Y )R (X , Y )

1. Sharpening ﬁlter
2. Increases contrast by normalizing the brightness in an image

PDE

∂p
∂t

1. Sharpening ﬁlter
2. Extracts contour of vessels in retinal fundus image

Saa(u, v )
saa(u, v ) + snn(u, v )

= −∇2[c (∣∇2p∣)]∇2p

where c and cen are the contrast values of the original
and enhanced images, respectively. A larger value of
CII gives better enhanced results. The rating of performance brightness preservation from original brightness
is measured using AMBE and is given by

AMBE = mean(Enhanced image)
− mean(Input image)

(7)

The lower value of AMBE preserves brightness and
the quality of the image is improved. The diﬀerence
between the original and enhanced image is measured
using LIF and is given by

LIF =

2
M ⁎N

M N

∑ ∑ min{ pxy , (1 − pxy )},
x=1 y=1

(8)

( )
f (x , y )

π
⎤, f
is the maximum
where pxy = sin ⎡ 2 ⁎1 −
fmax ⎦ max
⎣
value of the whole image, and M and N are the rows
and columns in the image, respectively. A smaller value
of LIF indicates that the enhanced image is clear with less
noise. The dynamic range of histogram is measured using
RCEF and is given by
σB2/ μ
(9)
RCEF = 2 B ,
σA/ μA

where σA and σB are the standard deviation of the original
and enhanced image, and μA and μB are the mean of the
original and enhanced image, respectively. For better
enhancement, RCEF should be greater than 1. The distortion in an image is measured using UQI by combining the
loss of correlation, luminance, and contrast distortion.
The mathematical expression of UQI is given by
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UQI =

4σxyxy
¯¯
(σx2

+ σy2 )(x 2 + y 2 )

where the correlation coeﬃcient =
tion =

2xy
,
x2 + y2

σxy
σxσy

and contrast distortion =

(10)

,

, luminance distor2σxσy
σx2 + σy2

. The range of

UQI is from 0 to 1. When both the images are identical
(i.e. x = y) to each other the value is 1.
The evaluated results of performance metrics explained
above are shown in Table 2. This gives the ﬁlter analysis
the highest PSNR and E values are for GF and CLAHE
among the proposed ﬁlters. The lowest error range in
MSE and RMSE is GF. The structural similarity range of
GF is close to 1. The highest value for CII and the lowest
value of AMBE are CLAHE and LF among the proposed
ﬁlters. The smaller value with less noise for LIF is HF. The
higher value in RCEF is for CLAHE. The UQI range gives
better results for BF. The overall better performance
among the proposed ﬁlter is MF, GF, BF, WF, and PDE.
These ﬁlters can be combined for better results and are
explained in Section 3.

3 Combinational ﬁlter
enhancement
The better enhancement results obtained for ﬁlters are
chosen for combinational ﬁlter enhancement. The better
ﬁlters obtained are MF, GF, BF, WF, and PDE; among
these, MF, GF, BF, and WF are smoothing ﬁlters, and
PDE is the sharpening ﬁlter. Hence, smoothing ﬁlters
are combined with sharpening ﬁlters and the performance metrics are tabulated in Table 3. If GF is applied
to an image, there may be blurring of the image and this

can be inverted using WF, followed by MF to preserve the
edges and the sharpening ﬁlter PDE to enhance the features; the results are tabulated. The combinational ﬁlter
enhancement comparison graph is shown in Figure 6.
The combinational ﬁlter enhancement graph clearly
shows that the PSNR value is high for GF + PDE, the E
value is higher for GWMF + PDE, the MSE and RMSE error
range is smaller for GF + PDE, the SSIM value is close to
1 for GF + PDE, the CII value is highest for GWMF + PDE,
the AMBE value is lower for WF + PDE, the LIF value is
lower for GWMF + PDE, the RCEF value is better for MF +
PDE, and the UQI value is highest for GWMF + PDE. The
overall better performance for the enhanced combinational ﬁlter is for GF + PDE. This can be tested using
deep learning neural networks.

4 CNN
The automatic disease diagnostic system in medical image
classiﬁcations is based on deep learning. The aboveenhanced ﬁlters are compared using the simple deep
learning method for the identiﬁcation of DR. The proposed deep learning method is the CNN and the block
diagram is shown in Figure 7. The total number of images
used in this network is 516 of which 413 are training
images. In the training set, 134 are normal images and
279 are DR-signed images. In the testing set, 34 images
are normal and 69 images are DR-signed. These images
are enhanced using 13 simple ﬁlters and 5 combinational
ﬁlters, and the enhanced image is given as the input for
the CNN. The size of the input is given in this layer, which
represents the height, width, and channel size. The input

Table 2: Evaluation of performance metrics
Filters

PSNR

E

MSE

RMSE

SSIM

CII

AMBE

LIF

RCEF

UQI

MF
GF
HE
CLAHE
THF
BHF
CED
BF
LF
SF
WF
HF
PDE

48.8278
53.8574
21.2632
16.2210
17.8359
16.9483
16.6258
48.9856
16.5974
17.3494
46.5614
16.7911
51.4980

4.880
4.9624
5.7129
5.8787
3.4202
2.2983
0.4793
4.9483
0.0030
3.1893
4.9878
0
4.9702

0.9710
0.3096
503.6569
1.5732 × 103
1.2192 × 103
1.4758 × 103
1.5859 × 103
0.8740
1.5952 × 10 3
1.3533 × 103
1.6139
1.5331 × 103
0.4727

0.9542
0.5376
22.2505
39.5337
33.8875
37.4008
38.7930
0.9210
38.9121
35.7679
1.2354
38.1086
0.6832

0.9893
0.9977
0.6576
0.4640
0.4331
0.2983
0.2598
0.9896
0.2552
0.3554
0.9795
0.2955
0.9941

2.8783
1.4097
42.6710
45.7160
0.1095
8.0963
0.0045
3.4009
0
5.4952
4.7459
40.8456
3.0299

0.0156
0.0022
17.8838
37.4574
−27.6012
−30.0360
−31.4381
0.0018
−31.5414
−28.1576
−0.0106
−30.5417
0.0014

0.1571
0.1583
0.1676
0.1505
0.1800
0.1804
0.1626
0.1569
0.1814
0.1800
0.1568
0
0.1585

0.9968
0.9952
3.8242
5.3204
0.0085
8.7075 × 10−4
9.0996 × 10−7
0.9939
2.4040 × 10−11
0.0083
0.9903
0
0.9955

0.1985
0.1986
0.1151
0.0994
0.0276
0.0037
4.9338 × 10−5
0.1987
3.5189 × 10−9
0.0135
0.1987
0
0.1984

Retinal image enhancement analysis
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Table 3: Performance metrics of combinational ﬁlter enhancement
Combinational ﬁlters

PSNR

E

MSE

RMSE

SSIM

CII

46.6925

4.9577

1.5506

1.2132

0.9830

3.7923

48.1480

4.9858

1.0646

1.0154

0.9893

46.6369

4.9693

1.5113

1.2093

45.5758

4.9824

2.0131

43.8897

5.0036

3.0064

LIF

RCEF

UQI

0.0177

0.1569

0.9934

0.1987

3.0479

0.0037

0.1579

0.9916

0.1987

0.9825

3.7921

0.0048

0.1565

0.9909

0.1987

1.3818

0.9763

4.6286

−0.0114

0.1563

0.9876

0.1989

1.6834

0.9698

4.8848

−0.0099

0.1543

0.9831

0.1993

Figure 6: Comparison of combinational ﬁlter enhancement performance metrics.

AMBE
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Figure 7: Block diagram of the proposed CNN.

layer in the proposed method is [256 × 256 × 1] and the
channel size for the grayscale image is 1.
(a) Convolutional layer
The proposed system has three convolutional
layers and contains the argument’s ﬁlter size and
the number of ﬁlters. The ﬁlter size represents the
height and width of the ﬁlter, and the number of
ﬁlters represents the number of neurons connecting
the same region of the input. Convolution is performed between the input and the ﬁlter coeﬃcients.
All the three convolutional layers in the proposed
method use [3 × 3] ﬁlter size with 8, 16, and 32 ﬁlters.
The second and third convolution layers work on the

output of the ﬁrst and second convolutional layers.
The number of feature maps is determined in this
parameter and padding is added to the map with
stride 1 and the output size is the same as the
input size.
(b) Batch normalization
To train network train an easy optimization problem batch normalization is used. It normalizes the
activations and gradients propagating through the
network. To speed up the training of the network,
this layer is used between the convolution and ReLU
functions. The network initialization sensitivity is also
reduced by the batch normalization layer.

Retinal image enhancement analysis

(c) ReLU function
The rectiﬁed linear unit (ReLU) is the commonly
used nonlinear activation function followed by the
convolutional layer. This layer eliminates zero and
the negative values and enhances the output of
each convolutional layer.
(d) Maxpooling layer
Maxpooling is the down-sampling layer to reduce
the feature map spatial size, remove unnecessary spatial
information, and the number of ﬁlters in the convolutional layer is increased without increasing the amount
of computation required per layer. The size of the rectangular region used in the proposed method is [2 × 2].
(e) Fully connected layer
The fully connected layer is followed by the convolutional and the down-sampling layers. This layer connects
all neurons to all the neurons in the preceding layer.
This is the decision-making layer that combines all of
the features learned by the previous layers to classify
the images by the last fully connected layer. The parameter of the output size in the last fully connected region
is equal to the number of classes in the target data. The
proposed system has two output sizes corresponding to
two classes. The classiﬁcation layer is the ﬁnal layer and
this uses the probabilities from the SoftMax activation
function for each input to assign the input to one of the
mutually exclusive classes and loss computation.
(f) Softmax function
The fully connected layer is normalized by the
activation function SoftMax. The classiﬁcation layer
uses classiﬁcation probabilities by the SoftMax function output that holds the sum of the positive numbers
to 1. This layer is connected after the last fully connected layer.
The network is trained using the stochastic gradient
descent momentum with a learning rate of 0.01, and the
maximum number of epochs is 100 given with the validation data and frequency. The data is shuﬄed after every
epoch. The network trains the network and gives the validation accuracy. The testing process is carried out using the
unknown images and the output is categorized by the target
given in the fully connected layer. In this article, normal
and DR are the classes given as the target. All the enhanced
ﬁlters are compared using the CNN, and the performance
metrics of the testing data are tabulated in Table 4.
The table shows that the accuracy is high for
MF, PDE, the combinational ﬁlter of PDE with median,
and GF. The accuracy obtained can also be improved by
optimizing the enhanced ﬁlter techniques and using
modiﬁed deep learning techniques.
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Table 4: CNN performance metrics
Filters

Accuracy (%)

MF
GF
HE
CLAHE
THF
BHF
CED
BF
LF
SF
WF
HF
PDE
MF + PDE
GF + PDE
BF + PDE
WF + PDE
GMWF + PDE

96.11
86.78
65.56
69.44
65
67.22
64.44
78.33
68.89
71.67
76.84
69
96.44
90.44
92.22
82.54
85
86.78

5 Conclusion
In this article, various enhancement ﬁlters including smoothing and sharpening ﬁlters are implemented and compared
by the performance metrics of enhancement techniques. The
smoothing ﬁlters such as median, Gaussian, bilateral, and
Wiener are combined with the sharpening ﬁlter for better
enhancement. The ﬁlter output images are then given as
the input of CNN for the detection of DR and testing the
enhancement techniques. The highest accuracy obtained is
for PDE, MF, and PDE with GF. The implemented ﬁlters
highlight blood vessels, features in the image, improved
contrast, reduce uneven illumination and ampliﬁcation of
noise for better segmentation, feature selection, and classiﬁcation. The future scope is to apply the optimization techniques in the enhancement ﬁlters to improve the accuracy.
Clinical features can also be identiﬁed using the enhanced
image and can grade the stages of DR. Identiﬁcation of the
early stage of DR is a challenging process and should be
identiﬁed to avoid vision loss. Modiﬁcations in the deep
learning networks can also increase the accuracy.
Conﬂict of interest: Authors state no conﬂict of interest.
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