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Abstract— Diabetic retinopathy is a consequence of
diabetes that is caused by damage to the blood vessels of
the light-sensitive tissue called the retina. It is the main
cause of visual impairment and blindness among working-
age individuals, as well as the most common cause of
vision loss among diabetics. Recent advancements in the
usage of automated systems for diabetic retinopathy
diagnostics have presented new problems to the industry,
including the hunt for a less resource-intensive
architecture, such as the creation of a low-cost embedded
software. In this paper we propose a novel noise compatible
and balanced system for automatic screening and
diagnosis of Diabetic Retinopathy using Deep
Convolutional Neural Networks along with a comparative
study between the different state-of-the-art algorithms
employed for automatic DR screening. A total of 35,127 eye
fundus-colored numerical images were obtained from the
4th Asia Pacific Tele-Ophthalmology Society (APTOS)
Symposium and Kaggle, in collaboration with the California
Healthcare Foundation and EyePacs, which is a free
platform for retinopathy screening. The images were
graded as No Apparent DR (25,810 images), Mild Non-
Proliferative DR (NPDR) (2443 images), Moderate NPDR
(5292 images), Severe NPDR (873 images), and Proliferative
DR (PDR) (708 images) using existing datasets. This
approach can automatically detect diabetic retinopathy
with an accuracy of 88.6% and could aid in making a referral
recommendation for further evaluation and treatment with
high reliability.

Index Terms—Diabetic Retinopathy, Deep CNNs, Fundus
images, Retinal Image Processing, Medical Imaging.

I. INTRODUCTION

Diabetes mellitus (DM) is one of the large-scale causes of death
worldwide [3, 4], and the prevalence of DM continues to
increase. Eighty to eighty-five percent of the patients suffering
with diabetes for more than 10 years have a high risk of eye
issues which affects the retina of the eyes. Diabetic Retinopathy
(DR) is an eye disorder that leads to severe consequences and
people may tend to lose vision as a result of this condition when
it reaches its extreme stages. The medical tests for DR
encompass several procedures, time, poor accuracy and money
to detect the presence of the proliferative stage of DR. Hence,

automated detection of DR with multiple stages is considered
an important technique for diagnosis.

Figure 1: Comparison between a normal eye and a DR affected eye

Deep learning approaches have been successful and promising
for medical image analysis [5]. Deep learning is a branch of
machine learning that aims at extracting and learning various
higher-level features from the raw input, here images. With
each level learning to transform its input data into a slightly
more abstract and composite representation, this allows for
successful classification, detection and staging of the disease.

The objective of this work is to develop a noise-compatible and
balanced system for the detection of diabetic retinopathy. We
have employed deep learning methodologies for detection and
interpretation of microscopic retina images based on the various
grades used to scale the severity of diabetic retinopathy, namely
No DR, Mild, Moderate, Severe and Proliferative DR. We have
made use of three state-of-the-art architectures, EfficientNet,
ResNet, and the VGGNet, in this work and made a comparative
analysis amongst the results obtained by them after training and
validation. Fig. 2 shows the proposed methodology for our
work. Diabetic Retinopathy Detection can be viewed from
several perspectives: as a classification problem, as a regression
problem, and as an ordinal regression problem (Ananth and
Kleinbaum, 1997). This is because different stages of the
disease come sequentially. The proposed model provides a
promising solution that will enable ophthalmologists better
assess the disease and track its progression without the need for
any subjective assessment. The remnant of this proposed paper
is organized as follows. Section II provides a detailed
explanation of the proposed models used for the computer-
aided diagnosis and classification of DR. The proposed network
architecture is explained in Section III and the statistical




evaluation, and experimental results are then discussed in
Section IV. Finally, the conclusion and summary are presented
in the last section.
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Figure 2: Proposed Methodology

Il. EXPERIMENTAL METHODOLOGY

The process flow of Methods and Methodology adopted to
carry out the present work is shown in Fig. 2. Subsequent
subsections describe the pre-processing of retinal fundus
images for classifying and finding the accuracy of the proposed
models which help in the precise detection of diabetic
retinopathy.

A. Dataset

The retina images utilized in this work for computer-assisted
diagnosis of diabetic retinopathy are obtained from the 2019
APTOS Symposium. The dataset contains 35,127 high-
resolution microscopic human retina images under a variety of
imaging conditions. Fig. 3 show the class distribution of our
dataset. These retina images were acquired by 3 ophthalmologic
departments using a color video 3CCD camera mounted on a
Topcon TRC NW6 non-mydriatic retinograph with a 45-degree
field of view. Images were captured using 8 bits per color plane

at 1440%960, 2240*1488, or 2304*1536 pixels. For each
subject, two images were obtained for the left and right eyes
respectively. The labels were provided by clinicians who
marked the presence of diabetic retinopathy with a
corresponding scale that reflects its severity. Table 1 shows the
class indices along with their grades and associated lesions. The
sample images are shown in Fig. 4.
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Figure 3: Class distribution of Fundus Images

Class No. of Grade Lesions

Index images
0 25810
1 2443

2 5296

No DR
Mild
Moderate

Absence of lesions
MA only
More than MA but
less than severe DR
Any of the
following:

3 873 Severe

* More than 20
intraretinal HM in
each of 4 quadrants

* Definite venous
beading in
2-+quadrants

¢ Prominent
intraretinal
microvascular
abnormalities in 1+
quadrant

* No signs of
proliferative DR

4 708 One or more of the
following:
vitreous/pre-retinal
HM,

neovascularization

Proliferate
DR

Table 1: Levels of Diabetic Retinopathy along with their associated lesions
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Figure 4: Stages 0-4 of Diabetic Retinopathy with their labels

B. Data Pre-processing

Model training and validation are performed on the pre-
processed versions of the original images. The pre-processing
methods comprised of image cropping and smoothing followed
by resizing. Image cropping is necessary to cut out the black
region around the retina image as it may affect training by
adding noise. Pre-processing needs to be performed to get all
retina images in a standard format. Additionally, as the type of
data that the model will come across while testing isn't
predictable, we decided to show as much data variance as
possible to the models. Following things are carried out while
pre-processing:

* Resizing images: The original images are of various sizes
with some images having side lengths of 4000 pixels. To make
the training and feature extraction efficient, all images are
resized to 224 x 224.

* Image cropping: The black background of the fundus
images is discarded as it doesn't provide any valuable
information to the model.

Original fundus image Fundus image after
circular crop
Figure 5: Removing noise with circular crop followed by smoothening of
sharp corners

* Smoothing corners: After removing the black background,
the corners of the image are smoothened to remove any sharp
edges.

* Gaussian Blur: A Gaussian filter is finally applied to all
the images to remove any noise. Fig. 6 shows a Gaussian
Filtered retina image.

Figure 6: Fundus image after Gaussian filtering

C. Gaussian Smoothing

The Gaussian smoothing operator is a 2-D convolution
operator frequently employed in computer vision tasks. It is
used to blur images and remove any prevalent noise. Fig. 7
shows a Gaussian distribution in 1-D with mean 0 and 6 = 1.

The Gaussian distribution in 1-D has the following form:
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Figure 7: Gaussian distribution in 1-D

In 2-D, the Gaussian distribution takes the following form for
mean (0,0) and 6 = 1:

fGo =

10.0
75
5.0
25
0.0

=25

-5.0

~71.5
-10.0

-100 -75 -50 -25 10.0

x2+y? )

20°

0.014
0.012
0.010
0.008
0.006
0.004
0.002

0.000

Figure 8: Gaussian distribution in 2-D

Gaussian smoothing works in a similar way as the mean filter
[6]. The standard deviation of the Gaussian ¢ determines the
degree of smoothing. The Gaussian function returns a
‘weighted average' of each pixel's neighborhood, with the
average weighted more towards the center pixel’s value. This is
in contrast to the uniformly weighted average of the mean filter.
As a result, a Gaussian smoothens an image more gently and
preserves the edges better than a similarly sized mean filter.



D. Data Augmentation

Image transformation techniques like translation, stretching,
rotation, flipping, and color augmentation are used for data
augmentation.  TensorFlow 2.0  provides  random
transformations to augment images like horizontal flip, vertical
flip, random rotation, random shift, random scale, a shift of
RGB values, random brightness and contrast, additive Gaussian
noise, blur, sharpening, embossing, random gamma, cut-out,
etc.

» Rotations: The following affine transformation A, where 0
is between 10 and 175 degrees, is applied. The images were
randomly rotated in the range of = 30°.

_ (cos 0 —sin 9) 3)
sin® cos6

» Shears: Finally, each image I is sheared by a range of 0.15,
represented by the following affine transformation A. s defines
the amount that I is sheared, and it is in the range of [0.1, 0.35].

(1 s “
A= (0 1)
* Random Zoom: The images were randomly zoomed by a

random amount within the range [-10%, 10%], with bilinear
interpolation and reflective fill mode, reducing edge artifacts.

Ill. NETWORK ARCHITECTURE

Our work aims to classify each fundus image accurately. We
have utilized EfficientNet [7], ResNet [8] and VGGNet [9] for
a comparative analysis based on the model performances on the
retina images. The outputs of the convolutional and early fully
connected layers are processed using the Rectified Linear Unit
(ReLU) [10] activation function defined as follows:

@ = {bi, b; >0 %)
t 0, b; <0

where b; is the input to ReLU and a; is the corresponding
activation. However, in the end of the network, the softmax
activation function is deployed to predict a probability
distribution of each of the FC layer outputs as follows:

e (6)
where c; is the i output of the FC layer, L is the number of
classes and a; is the activation. We have used a sequential
modeling approach for adding and customizing the different
layers of the neural network with a categorical cross-entropy
loss function which is minimized using the Stochastic Gradient
Descent (SGD) in order to update the model parameters.
L

e= —Z a; log(a]-)
j=0
where e is the cross-entropy loss and §; is the expected
desired probability.

(N

1. EfficientNet: EfficientNet is a convolutional neural
network architecture and scaling method that uniformly
scales all dimensions of depth/width/resolution using a
compound coefficient. Generally, we can define a
convolutional layer as a tensor function, namely Y; = F;
(Xi), where Y; is the output tensor, F; is the tensor
operator, and X; is the input tensor. The shape of the

input tensor is (Hi, Wi, C;), where H; and W; are the
spatial dimensions and C; is a color dimension. One
should define the model of convolutional networks as a
sequence of embedded functions (Mingxing Tan, Quoc
V. Le, 2019), where Fi" is a layer repeated L times at
stage i.

N=QFf (X(HivWi'Ci))i=l..n ®)
Depth: d = a® @
Width: w = B° o
Resolution: r = y® (1
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Figure 9:Architecture of the proposed EfficientNetB0 model

We utilized the EfficientNetB0 network and instantiated
it with ‘imagenet’ weights. The last layer of the network
is excluded to add 4 Dense layers to extract more deep
features in the eye retina and finally an output Dense
layer with a softmax activation function to predict a
multinomial probability distribution. Table 2 shows the
model summary.

Layer (type) Output Shape Param #

efficientnet-b0 (None, 7, 7, 4049564
(Functional) 1280)

flatten 1 (None, 62720) 0
(Flatten)
dense 1 (None, 1024) 64226304
(Dense)
dense 2 (None, 512) 524800
(Dense)
dense 3 (None, 256) 131328
(Dense)
dense 4 (None, 128) 32896
(Dense)
dense 5 (None, 5) 645
(Dense)

Table 2: Proposed EfficientNetB0 model summary

ResNet: Residual Networks are known to solve the
problem of vanishing gradients by utilizing skip
connections to jump over some layers. The network then
tends to gradually restore the skipped layers as it learns
the feature space. Residual Networks speed up the
training of very deep neural networks and increase the



model’s accuracy on large training data:

H(x) =F(x)+x(1) (12)
Here, x is the input of the building block and F(x)
represents the output of the layer within the building
block of the residual network.

weight layer

F(x) K
X
identity
Fix)+x @

Figure 10: The basic building block of a Residual Network

We utilized the ResNet50 model which has 48
convolutional layers along with 1 MaxPool and 1
AveragePool layer. To avoid overfitting, we used Batch
Normalization and dropout of 0.5 in-between the Dense
layers. The last layer of the network is a Dense layer with
5 neurons for output. Table 4 shows the model summary.

Layer (type) Output Param #
Shape
resnet50 (Model) (None, 1, 23587712
1,2048)
flatten (Flatten) (None, 0
2048)
dense 1 (Dense) (None, 262272
128)
dropout_1 (Dropout) (None, 0
128)
batch _normalization 1 (None, 512
(Batch Normalization) 128)
dense 2 (Dense) (None, 64) 8256
dropout_2 (Dropout) (None, 64) 0
batch normalization 2  (None, 64) 256
(Batch Normalization)
dense 3 (Dense) (None, 5) 325

Table 3: ResNet50 model summary used in this work

VGGNet: VGG19 consists of 19 layers where there are
16 convolution layers, 3 Fully connected layer, 5
MaxPool layers and 1 Softmax layer. VGGI19 is
convenient because of its simplicity as 3*3
convolutional layers are mounted on the top to increase
with the depth level. The convolutional layers in VGG-
19 are used for feature extraction and the max pooling
layers, which act as handlers for VGG-19, associated
with some of the convolutional layers are responsible for
feature dimensionality reduction. FC layers are used to
prepare the feature vector. Table 4 shows the model
summary.

Layer (type) Output Param
Shape #
vggl9 (Model) (None, 7, 2359808
7,512)

global average pooling 2d (None, 0
(Global Average Pooling 512)
2D)
dense (Dense) (None, 65664
128)
dense 1 (Dense) (None, 16512
128)

dense 2 (Dense) (None, 5) 645

Table 4: VGG-19 model summary used in this work

A. Training Specifications

The network architecture has already been discussed; this
section focuses on other technical details. The network is
designed and trained with TensorFlow 2.4.1 using TPUs
(Tensor Processing Units) on Google Colaboratory. Each of the
architectures is trained for 100 epochs. The optimizer used is
Adam to optimize the weights during training with a learning
rate of 0.001.

IV. STATISTICAL EVALUATIONS

For the purpose of evaluating the performance of the
proposed deep transfer learning approach for identifying DR,
overall classification accuracy, classification sensitivity
(Sensitivity), and specificity (Specificity) were calculated, and
the performance of the best model was further compared to
results obtained by retinal specialists. The statistical analysis
was performed using statistical software (Python ver. 3.8.3)
implementing NumPy, SciPy, statsmodels, and Scikit-learn
modules. Accuracy is defined as the ratio of the number of
correctly labelled images to the overall number of test images.
Sensitivity is calculated by dividing the number of true positive
TP by the sum of total number of true positives and false
negatives (TP + FN). Specificity is defined as a ratio of the
number of true negatives TN to the sum of the number of true
negatives and false positives (TN + FP), describing the ratio of
no referral cases correctly categorized by the algorithm.

) B TP + TN (13)
COUTacY = Tp Y FP+ TN + FN
Sensitivity = L (14)
Y=TP T FN
TN (15)

Specificity = ———
TN + FP
Based on the True Positives (TP), True Negatives (TN), False

Positives (FP), and False Negatives (FN) results, the accuracy
is predicted. In this proposed work, normal samples were taken
as positive case, and DR disorder patients were considered as
the negative case. Normal subjects correctly classified as
healthy termed as TP, DR patients correctly classified as DR
case considered as TN, DR patients misclassified as healthy
treated as FP, and normal subjects incorrectly classified as
patients termed as FN.

The measure of inter-rater reliability for categorical items or
two individual items is known as Cohen's kappa coefficient
(). The value of Cohen’s kappa is calculated as:

Po — Pe

- 1_pe

a7



A. Results and Discussions

In this section, we tested EfficienNetBO, ResNet50 and
VGG19 deep learning models to classify fundus images. The
results confirm that utilizing the existing deep learning
architectures using Transfer Learning has the potential to
substantially improve DR detection performance. The results of
EfficienNetB0, ResNet50 and VGG19 models are provided
with a performance comparison in Table 6 and the conclusions
are examined in detail.

For EfficientNet, we obtained an accuracy of 88.6%. Initially,
EfficientNet was trained for 60 epochs only. Since 60 epochs
took around 9 hours to train on a GPU with considerably high
loss, this was estimated to be too short a time to be able to
extract any substantial deep features to obtain some useful
information, therefore the model was re-trained for 100 epochs
with an early stopping function to monitor the generalization
error and prevent overfitting in the worst case. EfficientNetBO
provided a Cohen’s kappa value of 0.8473. The sensitivity came
out to be 88.9% and the specificity was around 83.1%. Figs. 11,
12, 13 and 14 represent the confusion matrix calculated for
EfficientNetB0 and the accuracy and loss curves for all the three
architectures we experimented on in this work.
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Figure 11: Confusion matrix for our proposed EfficientNetB0) model when
tested on the validation dataset
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Figure 12: Curve showing the accuracy values our proposed model
achieved during training and validation

For ResNet50, we achieved a validation accuracy of around
72%. The problem with most of the residual networks is that
when its depth increases, the problem of vanishing gradient also
increases. It directly affects the weights as they never update
their values and no learning is achieved saturating the accuracy
and the network has trouble reaching convergence. The
Cohen’s kappa value for Resnet50 was 0.58415.
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Figure 13: Accuracy and Loss curves for ResNet50

For VGG19, the validation accuracy was around 74%. The
Cohen’s kappa value obtained for VGG19 model was 0.6147.
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Figure 14: Accuracy and Loss curves for VGG-19



CLASSIFIER DATA
SET
EfficientNetB APTOS

0 2019

ACC. K DR
VALUE CLASSES
0.8473 No DR,
Mild,
Moderate,
Severe
and
Proliferati
ve DR
No DR,
Mild,
Moderate,
Severe
and
Proliferati
ve DR
No DR,
Mild,
Moderate,
Severe
and
Proliferati
ve DR

89%

VGG-19 APTOS

2019

74%  0.6147

ResNet50 APTOS

2019

72%  0.5842

Table 5: Results of experiments and metrics tracked

Going by the results and the k value, EfficientNet provided
much better results as compared to ResNet50 and VGG-19.

V. CONCLUSION

Diabetic Retinopathy (DR) is a complication of long-
standing, unchecked diabetes, and one of the leading causes of
blindness in the world. In practice, doctors can recognize DR
by looking for lesions related with the disease's vascular
anomalies. While this strategy is effective, it necessitates a lot
of resources. The numerical experiments of this work were
conducted on the Asia Pacific Tele-Ophthalmology Society
(APTOS) 2019 dataset. A deep convolutional neural network
that uses compound scaling for better complexity and
performance was introduced that could extract deep features
from the pre-processed fundus images at even lower
complexities and could accurately classify them and stage DR
into normal retinas, mild NPDR, moderate NPDR, severe
NPDR and proliferative DR (PDR). This method will help
ophthalmologists and health practitioners in direct detection of
retinopathy and faster interpretation of the severity of the
disorder, such that it can be used as a screening and decision
support tool with higher accuracy and reliability for faster
diagnosis. In the future, we aim to extend our proposed
architecture to work on the real-world unfiltered data in real-
time for clinical applications. We also aim to train images of
various modalities using the suggested CNN model with our
modifications in the future to further increase the accuracy of
the proposed technique. We will also use capsule networks to
classify fundus images, which were recently developed by
Geoffrey Hinton [11].

SUPPLEMENTARY MATERIALS
The source code along with the data used in this work can be
accessed from this link.
https://github.com/thisishardik/diabetic-retinopathy-
detection
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