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Abstract---Diabetic Retinopathy (DR) is quite possibly the main widely
recognized diabetic disease found in the vast majority. Advancement
of diabetic retinopathy is grouped by its seriousness. Be that as it
may, critical lacks of master spectators have incited supercomputer
helped observing frameworks to distinguish the DR. In retinopathy,
the kind of vascular organization of the natural eye is a crucial
indicator element. This study provides a method for recognizing
exudates and veins in retinal images for the purpose of examining the
retinal vasculature. Convolution Neural Network (CNN) is used for
image identification and preparation of retinal images following image
processing stages to arrange the retinal fundus images. The proposed
recognizing diabetics by fundus retinal picture arrangement utilizing
return for capital invested (Region of Interest) assumes significant
parts in recognition of certain illnesses in beginning phase diabetes by
contrasting its exactness and existing strategies like the conditions of
retinal veins.

Keywords---Retinal Image, Gaussian Blurring, Diabetics Retinopathy,
Convolution Neural Network, Segmentation, Image Blurring.

International Journal of Health Sciences ISSN 2550-6978 E-ISSN 2550-696X © 2022.
Corresponding author: Umamageswari, A.; Email: umamagea@srmist.edu.in

Manuscript submitted: 27 Jan 2022, Manuscript revised: 18 Feb 2022, Accepted for publication: 9 March 2022
2729


https://doi.org/10.53730/ijhs.v6nS1.5196
mailto:umamagea@srmist.edu.in
mailto:umamagea@srmist.edu.in
mailto:deepas1@srmist.edu.in
mailto:sherinbeevi@gmail.com

2730
Introduction

DR is the significant reason for visual deficiency because of high glucose. The
retina is harmed by DR. A fundus camera with a magnifying lens is used to
capture retinal images. DR affects all human with two diabetic categories namely
Type 1 and Type 2. Non Proliferative DR (NPDR), which ranges from low to severe,
can be classified as ordinary, gentle, moderate, or serious DR. The successive
stages of DR are known as Proliferative DR (PDR) [11]. Indications contain
shadowiness, miserable space of vision, seeing tones and floaters can be early
distinguished. Ordinarily, specialists analyze the hued pictures to analyze this
lethal illness however this might cause some mistake [12]. This can be vanquished
by the programmed arrangement. Optic plate acknowledgment is a critical speed
in beginning frameworks for the modernized investigation of various serious
ophthalmic pathologies [4]. A simple, quick and sound optic plate limitation plot
grades in definite situation of the optic circle in shading fundus pictures [5] [0].

The acknowledgment of gentle stage is the little roundabout spot toward the finish
of the vein (miniature aneurysm). Moderate stages can be perceived with break to
inward layers and structure fire framed discharge in the retina. Thorough stage
can be perceived by, the vein contains additional 20 intra retinal hemorrhages in
every quadrant which is isolated into 4. The next level of NPDR is the PDR which
leads to neovascularization. It is a usual creation of fresh blood vessels in the form
of a functional micro-vascular network that grows within the surface of the retina
[13]. This task consists of several processes, including pre-processing,
segmentation, feature extraction, cropping to emphasize the impacted area, and
normalization. The input image is changed over into grey scale picture, a new vein
acknowledgment technique in retinal pictures has been proposed dependent on
the local recursive progressive decay utilizing quad trees of edges [2]. In retinal
images, there is a predetermined interaction for division of organization[3]. A
multi-scale strategy is required to divide the interplay of veins in retinal images.
The nearby division and enlisting device kit [1] has an area growing module. There
is a pre-programmed cycle for accurately recognizing exudates in retinal images
[7]. CNN is a type of Al organization used in image identification and preparation
that is exclusively calculated to cope with image data [14]. For location of diabetic
retinopathy, the standardization of the immersion esteems, standardization of
estimations and disposal of commotion are done in preprocessing. The upsides of
hyperparameters and information disseminations are applied to preparing.
Subsequent to preparing this technique shows a particularity of 93.65% and an
exactness of 83.68% on approval measure.

The CNN permitted the organization to learn further elements by expanding the
convolution layer was proposed the preprocessed pictures are shading
standardized and resized to 512 X 512. In the preparation stage, the class loads
are refreshed to diminish the danger of over-fitting. The CNN was at first pre-
prepared with 10,290 pictures. This technique accomplished a high explicitness
with lower affectability and groups great many pictures each moment [15].
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System architecture and methodology used

The system is evaluated with the Mendeley, as shown in fig 2.1. It includes a
Dataset for each of the five stages, as well as a classification system for those
stages. The severity of NPDR is determined by the distribution and size of the
exudates. In extreme situations, the spread of exudates and haemorrhages
determines the final stage of diabetic retinopathy. After applying Image
smoothening, Gaussian blurring and Bilateral filtering to the image, the grey
components are segmented, feature extracted, and classified using a CNN, which
categorize the fundus retinal picture and diagnosis the diabetics stage.
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Fig 2.1 Block Diagram

The input image is initially preprocessed to turn an color image into a grey image

using pre-processing functions to emphasize the damaged portion. The
segmentation procedure is then followed by image cleaning to remove image
information and to extract the features, after which the pictures are classified into
five stages: Moderate, Severe, NPDR, and PDR.
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Fig 2.3 (a) Retinal Input image (b) Gaussian Blurring (c) Bilateral Filtering (d)
Gray converted Image (e) Segmented image

Pre-process the input picture displayed in figure 2.3.

a Gaussian piece is employed in this technique. It is necessary to provide the
piece's width and stature, which should be positive and odd, as well as the
SD in the X and Y headers, sigma X and Y, respectively.

The Bilateral Filter is very effective at removing disturbance while
maintaining crisp edges. Whatever the case may be, the movement is all the
more slow when seen via numerous channels. Gaussian channel captures
the pixel's immediate surroundings and calculates its Gaussian weighted
average.

To achieve picture concealing, the detail picture is linked with a LPF part. It's
used to get rid of commotion. Edges are concealed during this interaction
because it removes high repetition information from an image. In OpenCV,
there are four useful concealing techniques.

When it comes to image classification, there are a variety of characteristics
that may be removed, such as Mean, Standard deviation, and so on. Color is
comprised of, These are some highlight extraction borders. GLCM is a method
for extracting factual characteristics from second requests.

The transformation of a shading image into a grayscale image with distinct
characteristics is a perplexing cycle. Contrasts, sharpness, shadow, and
shading plan may be lost in the converted grayscale image.

A CNN is a type of fictitious AI Algorithm that is utilized in image
confirmation and is specially designed to manage pixel data.
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Experimental Results

Mendeley Dataset pictures were used to replicate the suggested methods in
Python. Images in a variety of formats were included in the databases. We tested
it on medical pictures of various sizes, resolutions, and representation formats.
Apply a convolution filter on the first layer. The sensitivity of the convolution filter
is reduced by smoothing it (i.e. sub sampling). The signal move from one layer to
the next is controlled by the activation layer. The training time is reduced by
using a Rectified Linear Unit (RELU). To offer feedback to the neural network, a
loss layer is placed at the conclusion of the training phase. The eye image has
been reduced in size to 512*512 pixels. The segmentation stage is then
determined using the ROI. The output will be stabilized and transformed to grey-
scale color space for giving out at the stage of extracting the features. To
investigate the performance of the proposed method, the Medeley DR Detection
dataset [18] is used. It consists of 88,702 DR images using the proposed method.
Dataset is used as 90%, 7%, and 3% proportions for training, testing and
Validation. Table 1 shows the specifics of each of the three sets.

Table 1: Classification of the dataset into three sets

Training Validation o
Total (90%) (7%) Test (3%)
Original dataset 57823 52,041 4,048 1734
g“gme“ted 61485 55,336 4304 1845
ataset

To assess the outcomes, we employed performance metrics such as sensitivity
(SN), specificity (SP), accuracy (A). We chose several state-of-the-art studies from
the literature survey section to compare the performance metrics of our proposed
approach with polynomial kernel SVM, Nave Bias, RBF Kernel SVM, and K-
nearest neighbor. Figure 3.1 shows the performance of the proposed approach,
which includes all intermediate output pictures.

Color characteristics, texture histogram, Standard deviation, Mean, G value, R
value, and B value are just a few of the features that may be retrieved for picture
categorization. There are numerous parameters for function extraction. A strategy
for getting second-order statistical characteristics is the GLCM matrix.
Segmentation is a technique for dividing homogenous pixels into groups.

Table 3.1: Comparative Analysis with existing methodologies

Classifiers Accuracy Specificity Sensitivity
Polynomial Kernel
SVM 0.7000 0.9787 0.4528
Naive Bayes 0.7500 0.9149 0.6038
RBF Kernel SVM 0.9300 0.9362 0.925
K-Nearest neighbour 0.9300 1.000 0.8679
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The suggested technique for using CNN for the groundwork phase is evaluated,
and the characterization stages KNN Classifier, SVM, and Naive Bayes Classifier
were used to prepare and organize images, Table 3.1 and Figure 3.1 show that the
suggested approach achieved the more sophisticated values from 0.94, 1, and
0.9265 respectively. [16] [17][19].
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Fig 3.1 Comparative Analysis with Existing Methodologies - Accuracy,
Specificity, Sensitivity
Table 3.2: Confusion matrix

Type Normal With disease Total
Normal Eyes 89132 206 89338
Diabetic Eyes 603 2605 3208
Total 89735 2811 92546

Table 3.2 from the Medeley dataset shows the confusion matrix of diabetes retinal
imaging depending on the affected stage and normal eyes. The confusion matrix is
used to determine how many correct and incorrect assumptions were made by the
predictor. It is used to determine the accuracy of the classification forecast. The
confusion matrix for our suggested model is shown in Table 3.2. In terms of
processing time, Table 3.3 shows a comparison of the proposed method with
existing methodologies. It's the time it takes to use the Mendeley dataset to
classify the diabetic retinal stage. The suggested effort, according to the table,
requires less time to categorise the diabetes stage, with KNN expected to take 2.01
seconds. Our proposed approach properly solves the problem in 1.82 seconds.
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Table 3.3: Execution Time Analysis of CNN and KNN

Algorithm Execution Time (s) Rank
CNN 1.82 1
KNN 2.01 2

Conclusion and Future Enhancement

With better accuracy, the suggested technique categorised Diabetic Retinopathy
into multiple phases, including severe, moderate, mild, normal, and PDR. When
compared to existing classifiers, the proposed method outperforms all with good
accuracy, specificity, and sensitivity. It is widely used to alleviate the blindness
produced by this DR. It is possible to foresee it at an early stage. Segmentation
gets more efficient when we apply ROI. Researchers can turn this into an
application in the future, and this technology can also be used to identify
cardiovascular illnesses by analysing retinal pictures at a low cost.
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