496

INTERNATIONAL JOURNAL OF SCIENTIFIC & ENGINEERING RESEARCH, VOLUME 12, ISSUE 4, APRIL-2021

ISSN 2229-5518

Retinopathy based Diabetes Recognition using
Convolution Neural Network

Aneesh Khanusiya, Vijay Savani
Department of Electronics and Communication Engineering
Institute of Technology, Nirma University
Ahmedabad, India

Abstract— Diabetic retinopathy (DR) is a visual threat problem for diabetic patients and a major cause of blindness in adults of working
age. Early diagnosis and appropriate cost-effective treatment can reduce the number of visual impairment events induced by DR. In
standard manual decision making, the results supported by the computer greatly improve the accuracy and speed of DR recognition. This
article introduces a convolutional neural network (CNN) to classify the DR levels that are prepared and evaluated on large data sets. Our
model uses gradually accurate retinopathic imaging data and agood relationship between the two eyes, using high-resolution retinal
background images of the left and right eyes as a contribution. An information test is applied in the preparation model to decrease the
information imbalance issue. This paper actualizes programmed instruments to distinguish Diabetic retinopathy utilizing these pictures.
Paper utilizes the CNN method for the characterization of Diabetic retinopathy pictures. The execution was done utilizing pre-prepared
CNN models, forexample, VGG-16 and AlexNet, and the outcomes show the order precision of 75.50% and 77.33% individually.
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.  INTRODUCTION

Retinopathy Diabetes is a constant condition. that is related to
a significant blood sugar level of the influenced individual. The
pancreas of the human body produces insulin that helps lower
the level of glucose in the blood. The decrease or non-
appearance of this insulin in the body or the lack of use of this
insulin causes diabetes. According to the world health
Organization that around 135 million people. were influenced
by diabetes mellitus and the number of people. influenced by
diabetes will be expanded in 2025 [1]. Diabetes occurs when
diabetes damages small veins in the retina and delicate tissue
in the back of the eye. This small vein distributes blood and
fluids into various features of the retina structure, such as
small-scale aneurysms, bleeding, hard exudate, cotton stains,
or venous rings. Diabetic retinopathy can be called non-
proliferative diabetic retinopathy (NPDR) and proliferative
diabetic retinopathy (PDR). Depending on the proximity of the
characteristics of the retina, it is possible to identify the phase
of the DR. In the NPDR arrangement, the infection can develop
from mild, moderate to extreme stages and has varying
degrees of characteristics and the development of newly
recruited blood vessels will be less. The PDR is a mentored
organization in which the life support fluid sent by the retina
begins the development of new ship recruitment. They grow
along the retina and separate from the reasonable vitreous gel
that fills the inside of the eye. If they release blood, it can cause
severe visual impairment or even vision problems..

The ailment can be analyzed by breaking down fundus
photographs of the retina. Be that as it may, it shows little
manifestations until it is past the point where it is possible to
give powerful treatment. Although the current approach to
detecting Diabetic retinopathy is successful, it is a tedious and
manual process, requiring a certified clinical medical facility,
where advanced retina shading photo can be carefully
analyzed and evaluated.

Regular examination of diabetic retinopathy will take a long
time, which is important for the correct treatment of the

disease. Additionally, adequate research should be conducted
in areas with a limited number of teachers. In the surrounding
population, the prevalence of diabetes is high, and DR is
generally required to identify areas and the information
requested is generally not available. There are many people in
the avant-garde world. As diabetes develops, diabetes will
continue to grow, so there are enough options for emotional
network support to help prevent diabetes. Visual impairment
caused by DR is increasingly necessary [2].

Continued progress in hardware, programming, and access to
large data sets has led to fast improvement in deep learning
methods. Deep learning is a set of machine learning techniques
developed by superficial neural systems. The main
representative of this family is the convolutional nervous
system. Unlike typical terrestrial networks, which consist of
only hundreds or thousands of parameters, these networks
consist of billions of optimization parameters. In 2012, a
conference that used deep systems for classification won the
ImageNet challenge and an increase in deep learning research.
Photo [3]. This award-winning system goes beyond traditional
image classification algorithms based on writing skills and
simple classifier extraction. Based on this step, deep learning
will have a major impact in many areas, such as image
processing, speech recognition, and translation.

One of the main advantages of deep learning algorithms is that
they are used to displaying multidimensional information.
Finally, deep neural networks can study the individual
characteristics of the information during preparation and
combine this information in the form of loading and distortion
of the parameters of the neural system. As a result, deep neural
systems can handle raw images with a simple touch of
preprocessing, such as resizing or trimming. Image.
classification frameworks include the extraction of highlights
by hand-structured calculations, which planning requires
building abilities and extensive space aptitude [4]. At this
stage, individual functions are used to provide a simple
common machine learning algorithm, such as a small neural
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network, linear regression. Although there is no good reason
for DNN to develop a component extraction algorithm in a
deep learning algorithm, including the extraction structure in
the neural network algorithm structure that can solve the main
problem of the image recognition structure.

Encouraging results in many machine vision applications have
pushed the test network to adapt deep neural systems to
clinical detection actions. Deep neural networks can be used in
many medical applications, particularly MRI, dermo copy
analysis, and standard imaging. The researchers developed
many applications of medical classification based on deep
learning: classification of large lesions after mammography [5],
classification of tissues [6], classification of Alzheimer's disease
[7], and classification of skin lesions [8].

In this paper, I offer computer-assisted identification of
diabetic retinopathy, which depends on the convolutional
neural network. The bases were formed on a large and reliable
common data set [9] and then evaluated using a series of
statistical metrics. I tested the models used in two tasks:
recognition of diabetic retinopathy and progressive problems,
evaluation of the stage of the disease.

Il. DATASET & METHODOLOGY
A. The Dataset

The color retina images, which are obtained from the Kaggle
website [2]. The training dataset contains 35126 high-
resolution pictures under the scope of imaging conditions.
These retina pictures were gotten from a lot of subjects, and for
each subject, two pictures were acquired for the left and right
eyes, individually. The names were given by clinicians who
appraised the presence of diabetic retinopathy in each picture
by the size of "0, 1, 2, 3, 4", which speak to "No DR", "mild",
"moderate", "severe", "proliferative DR" individually. As
referenced inside the depiction of the dataset, the photos inside
the dataset originate from various models and sorts of
cameras, which may influence the visual appearance of left
versus right. The images are shown in Fig 1. Likewise, the
dataset doesn't have equivalent dispersions among the 5
scales. In show can expect, ordinary information with mark "0"
is that the greatest class inside the entire dataset, while
"proliferative DR" information is that the littlest class. Table 1
shows counts of images for various scales within the training
dataset.

Table 1:Counts of Pictures for various scales in the training
dataset [2]

sl A

Figure 1:Sample of retina images dataset [2]
B. Pre-processing

The RGB picture is edited in 512X512 components to reduce
the background and 512X512 is reasonable for a square
contribution to CNN design. At this point, the size of the
modified picture changes to 224X224 for the preparation and
verification of the VGG algorithm, 227X227 for the preparation
and verification of the AlekNet algorithm. Further, these
pictures are resized to advance the execution time. As modify
and update photographic components, their quality balances
with the nature of the machine by applying a histogram
balance to the retina. Since retina pictures comprise of
arranged items simply like the lit-up retina, nerve strands,
veins, and different distortions, thus differentiate between
various articles is vital. Histogram balance gives the
compulsory complexity between the lit-up retina and different
articles henceforth making a qualification between various
items simpler to distinguish.

C. Convolution Neural Networks Algorithm

Convolution neural networks (CNN) algorithm is employed
during this paper. It's a neural network that has one or more
convolutional layers and is employed mainly for image
processing, classification, segmentation, and for the opposite
autocorrelated data. The convolutional layer contains a series
of filters called convolutional kernels. It consists of ‘Input
layer’, ‘Convolutional layer’, ‘Activation layer’, ‘"Max-pooling
layer’, ‘fully-connected layer” [10]. The main levels of CNN are
flexible layers that concentrate on the characteristics of the
information structure. Multiple layers of CNN are processed
to break up the initial layers, bending with parts that have
characteristics, which gradually become unique and overlap.
The last layer is a weighted effect of the significant number of
functions used by neural systems to recognize images. Albeit
different models of Convolution neural networks are as of now
accessible, as AlexNet, VGG-s, VggNet-vd16 and Exception,
ResNet-50, Inception-ResNets, and so forth. Basic deep
architecture is depicted in Fig. 2. Thus, during this paper
executed CNN algorithm is intended to improve the

Label Class Amount | Percentage identification of Diabetic Retinopathy from fundus pictures.
What's more, further 2 distinctive pre-prepared models

0 No DR 25810 73.5% likewise are used for examination.

1 Mild 2443 6.9% C.1 Convolutional Layer
The convolutional layer performs an operation on the input
2 Moderate 5292 15.1% and produces a similar output. The convolution output
3 Severe 873 2.5% contains multi-component plates, the number of which is equal
. : to the number of channels at this layer. The image processing
4 Proliferative 708 2.0% application performs a three-dimensional convolution. This
DR means that both the input and the output are 3D.
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Hyperparameters describe each level of flex: filter size and
filter diversity at the same level - the user selects these values
before training. Despite what might be expected, the
estimations of the channels piece are balanced during the
neural system preparing. An experimental channel can
recognize many unique attributes in an image, such as borders,
strings, or specific shapes. High-level attributes can recognize
various revolutionary levels.

C.2 Non-linear Layer

Nonlinear layers are placed after each convolutional layer. This
level has a non-linear function on the characteristics of the
convolution level, thus creating the proposed function of the
system. The most used nonlinear function in deep learning
models is the correct linear unit (ReLU) represented by the
additional equation g (k) = mak (0, k). This skill is like direct
skill, so progress is not difficult. The stable angle of the volume
gives the system a greater slope, solving a problem called the
extinction slope. This increases the possibility of multi-level
training systems. Also, it reasonably calculates the capacity
and angle of ReLU.

C.3 Max-Pooling Layer

Pooling layers are used to speed up calculations by reducing
measurements. Describe the reaction of the object in the
discovered patch, and generally record the execution
technique. The positions of the existing pooling functions
include maximum pool, minimum pool, regular pool, and
global regular pool. The smallest pooling level selects the
neuron that contains the smallest starting point in the pooling
channel region. The upper 4X4 matrix is reduced to a smaller
2X2 matrix. For the total capacity of the pool, the channel size
of the pool is equal to the size of the information layer [11].

C.4 Fully Connected Layer

The fully connected neuronal layer is connected to one or all
the neurons in the last layer. It is used with the last component
of the neural network and provides reflections drawn from
progressive convolutional layers. The last layer that provides
system performance is the softmax or S-shaped neuron layer,
depending on resolution and Many types Classification [12].

INPUT CONV1 POOL1 CONV2 POOL2 HIDDEN4 OUTPUT
- \
=
: g — 1
L T === H 5 Full
| - I 1 Convolution
| k. B i)
i = =
Gon\lo\u"‘°“
Convolution Subsample Convolution Subsample
Figure 2:Convolution neural networks architecture
D. Architecture Used VGG-16
D.1 VGG-16: Input (224x224x3)

VGG-16 [13] shows an extremely deep CNN model.
Architecture shown in Table 2. The fundamental component of
this system is the usage of different back to back convolutional
layers with little 3x3 kernels (or channels) which is the littlest
kernel capable of separating data about the patterns. A blend
of these little channels is fit for removing similar data as
AlexNets enormous channels, however with improved
productivity and with the upside of a diminished number of
parameters to be evaluated during preparing. The 3X3
channels are combined with maximum grouping levels,
reducing the selection of receiving cards. The performance of
the convolutional part of the VGG is improved in three layers,
completely connected to channels 4096, 4096, and 1000
separately. The soft-max is applied to the conclusion to obtain
all the results in the form of probabilities that simplify the
characterization.

Table 2:Structure Of VGG-16 Architecture

(3x3, 64) x2
Max-Pooling
(3x3, 128) x2
Max-Pooling
(3x3, 256) x3
Max-Pooling
(3x3, 512) x3
Max-Pooling
(3x3, 512) x3
Max-Pooling
(FC4096) x2

(FC1000)
SoftMax
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D.2 AlexNet

AlexNet was created by Alex Krizhevsky [3], which is one of
the underlying CCN models that were fruitful in the order and
distinguishing proof of articles via training with the assistance
of the ImageNet dataset [14]. AlexNet utilizes 227 x 227
pictures as input. AlexNet is an 8-layer convolutional neural
system design that consists. of Convolutional layers,
Activation layers, Max Pooling layers, and Dense layers. It has
5 convolutional layers, 3 max-pooling layers, and 3 thick layers
with one yield thick softmax layer. Conv_1 consist.of 11x11
channels, while Conv_2 utilizes 5x5 channels, and Conv_3
utilizes 3x3 channels, Conv_4 utilizes 3x3 channels and Conv_5
utilizes 3x3 channels. Shown in Table 3.

Table 3: Structure AlexNet Architecture

AlexNet
Input (227x227x3)
(11x11,96)
(5x5,256)
Max-Pooling
(3x3,384)
Max-Pooling
(3x3,384)
(3x3,256)
Max-Pooling
(FC4096) x2
(FC1000)
SoftMax

lll. IMPLEMENTATION AND RESULTS

The experiment used pictures from the Kaggle database that
can be gotten openly. Kaggle database comprises of "No DR",
"mild", "moderate", "severe", "proliferative DR" classes. Since
the size of the. Background. pictures are wide., I trimmed the
information pictures fit the. retina. with the size of. 512X512
utilized a square. size. to streamline deep. learning forms that
require square input pictures. The apply pictures were
cropped to 224 x 224 for VGG16, 227 x 227 for AlexNet. The
tests applied 3000 pictures from the Kaggle database. The
dataset was partitioned 80% for training and 20% for
validation. By using a 0.001 learning rate with 15 epochs, I got
75.50% validation accuracy for VGG-16 and 77.33% for
AlexNet.

Table 4:Result of VGG-16 Architecture

Epoch | Training- | Training- | Validation- | Validation-
Size Loss Accuracy Loss Accuracy
15 1.2742 0.7452 1.2568 0.7550

Table 5:Result of AlexNet Architecture

Epoch | Training- | Training- | Validation- | Validation-
Size Loss Accuracy Loss Accuracy
15 0.9135 0.7582 0.8872 0.7733

Training Loss and Accuracy on diabetic retinopathy detection
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Figure 3:Result Graph of VGG-16 Architecture
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Figure 4:Result Graph of AlexNet Architecture
IV. CONCLUSION

Diabetes is a hopeless infection that has demonstrated itself to
be a worldwide problem. The main solution to this problem is
to detect the infection early and take reasonable steps to
reduce personal belongings. Right now, I proposed a
robotized diabetic retinopathy screening system. I have
utilized deep convolutional neural systems to survey the best
possible phase of diabetic retinopathy depends on the shading
fundus photograph of the retina. The properties of deep
learning have made it possible to prepare a classifier capable
of naturally separating the characteristics from the crude
pictures. The work of a hand-structured element extraction
algorithm could be a difficult assignment considering various
photographs conditions like light, utilized gadgets, nearness
of antiques, and so on. The extraction of an element can be
obtained from the information due to the capacity of the
convolution layer. An unusual objective coding method has
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been proposed that includes data on the relationship between
the confirmed level and the level of disease. This method
updates the precision of the location of the analysed
structures. This paper performed CNN VGG-16 models and
CNN AlexNet architecture only suggested a specific Diabetic
retinopathy picture.
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