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Abstract— Eye is one of the most important organ for sense
of sight. It will be very difficult to do our daily activities if
we have no vision capability. Diabetic retinopathy is one of
the eye disease that is caused due to prolonged diabetes. The
increased glucose level in the blood will damage the retinal
blood vessels and can cause many complications like retinal
detachment, blindness and so on. Hence, it is necessary to
detect as well as diagnose DR at the earliest stage. Diabetic
retinopathy has mainly four stages known as mild, moderate,
severe and proliferative diabetic retinopathy. Different
symptoms will be observed in each of these stages and the
efficient detection of these symptoms can diagnose DR. The
project aims to develop a system which is capable of
detecting the presence of diabetic retinopathy as well as its
different stages by using the technique of convolutional
neural network.
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. INTRODUCTION

Mainly we have five sense organs and it is eye which allow
us to learn and figure out much more details regarding our
world when compared with other sense organs. And it is clear
that eye is one of the most essential organ for sense of sight.
We observe up to 80 percentage of all impressions by means
of our sight. We utilize our eyes for every activities like
reading articles, watching television, and in many other
endless ways. It will be very difficult to do our daily activities
if we have no vision capability. DR is a medical situation
which effect eyes and can be the root for blindness.

DR which is other vice noted as diabetic eye disease,
is a situation which happens by some destruction in retinal
blood vessels. People with diabetes have immense probability
for the occurrence of DR. Retinal blood vessels get corrupted
due to the increased blood sugar level. These retinal blood
vessels can swell and leak or they can stop the blood from
passing through the tissues in retina. Sometimes fresh blood
vasculature may grow abnormally in the retina. All of these
changes can steal your vision.

A. How Vision Occurs?

By dealing with the light that the object reflect or emit, the
eye permit us to detect and clarify the structure, colors and
size of objects in the world. The eye is capable to detect the
object clearly in intense light and tough in low light, but it
cannot identify objects when there is no light.
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Fig. 1: Normal eye vision

Vision happens when the brain deals with light
which is reflected from an object. The light penetrates the
cornea over pupil, which is situated in the middle of the iris.
It is a colored membranous disk that is contain various
category of muscular fibers.

The image get partially focused when the light rays
get refracted by the cornea. The rays continue through the
lens and focuses the rays even more by changing shape.

The rays goes through the innards of the eye and get
shifted to the retina or inner lining of the eye from where it
converts light into nerve impulses. Retina is consist of two
category of cells which are named as rods and cones. Rods
handle vision in low light and they identify objects only as
black and white colour combination. Whereas cones deals
with color vision and detail. Retina will form an inverted
image of the object that is fed to the brain by the optic nerve.
The brain works on the information and build an image of the
object.

Il. COMPLICATIONS

The abnormal growth of blood vasculature in the retinae is
involved in diabetic retinopathy. There are lots of
complications associated with DR which can promt to sever
vision problems:

A. Vitreous Hemorrhage

The fresh blood vasculature may seep into the clear, jelly-like
substance that cover the interior of eye. If the quantity of
bleeding is minimum, it may find just a couple of dark spots
(floaters). In more-serious cases, blood can cover the vitreous
cavity and totally retard your vision.

Vitreous hemorrhage by itself occasionally doesn’t
cause long-lasting vision trouble. The blood frequently clears
from the eye within a few weeks or months. Except if your
retina is harmed, your vision may come back to its past
clarity.
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B. Retinal Detachment

Spots floating in your vision, flashes of light or extreme
vision trouble can take place because of the irregular veins
related with DR. Since it stimulate the development of scar
tissue, which can pull the retinae far from the back of the eye.

C. Glaucoma

The regular flow of fluid out of the eye get meddle by the
fresh recruits vessels that develop in the front part of your eye
and can hence causing pressure in the eye to build up
(glaucoma). This pressure can harm the nerve that carries
images from your eye to your brain (optic nerve).

D. Blindness

Gradually, DR, glaucoma or both can prompt to complete
vision loss.

I1l. SYSTEM ARCHITECTURE

The system design transforms a logical representation of what
a given system is required to be the physical specification.

Digital Fundus Image

|
Y

Pre-Processing

snm@ and Num&
v

Feature Extraction
]
v

CNN Architecture creation

Classification
i
. l l l l
Normal Mild Moderate Severe PDR
Eye NPDR NPDR NPDR

Fig. 2: System Architecture

A. Dataset Creation

For the analysis of retina we are using fundus photography of
the eye. Fundus photography involves capturing a photo-
graph of the back of the eye i.e. fundus. Specialized fundus
cameras that consist of an intricate microscope attached to a
flash enabled camera are used in fundus photography. The
main structures that can be visualized on a fundus photo are
the central and peripheral retina, optic disc and macula.
Fundus photography can be performed with colored filters, or
with specialized dyes including fluorescein and indocyanine
green.

Kaggle dataset is a dataset which consist of more
than 50,000 fundus image. It is a large set of high-resolution
retina images taken under a variety of imaging conditions. A
left and right field is provided for every subject. A clinician
has rated the presence of diabetic retinopathy in each image
on a scale of 0 to 4, according to the following scale: 0 - No
DR, 1 - Mild, 2 - Moderate, 3 - Severe, 4 - Proliferative DR

The images from DRIVE dataset can be used for
testing. It consist of 40 images which is acquired using a
Canon CR5 non-mydriatic 3CCD camera with a 45 degree
field of view (FOV). Each image was captured using 8 bits
per color plane at 768 by 584 pixels. The FOV of each image
is circular with a diameter of approximately 540 pixels. For
this database, the images have been cropped around the FOV.
For each image, a mask image is provided that delineates the
FOV.

B. Pre-processing

The dimension of images in the dataset is 3000x2000 pixels.
It will be efficient for processing if the unwanted portions like
backgrounds are removed. The images are cropped and re-
sized to squares of 512 pixels. Image pre-processing was
performed with the aim to decrease noises and to improve
image contrast. Median filtering is used for noise removal and
contrast enhancement is done with CLAHE.

1) Median Filtering:

Median filtering is one kind of smooth-ing technique. All
smoothing techniques are effective at re-moving noise in
smooth patches or smooth regions of a signal, but adversely
affect edges. Often though, at the same time as reducing the
noise in a signal, it is important to preserve the edges. For
small to moderate levels of Gaussian noise, the median filter
is demonstrably better than Gaussian blur at removing noise
whilst preserving edges for a given, fixed window size.
However, its performance is not that much better than
Gaussian blur for high levels of noise, whereas, for speckle
noise and salt-and-pepper noise (impulsive noise), it is
particularly effective. Because of this, median filtering is very
widely used in digital image processing.

2) CIELAB Color Space:

Colour enhancement is done by using Lab colour space.
CIELAB color space (also known as CIE L*a*b* or
sometimes abbreviated as simply”’Lab” color space) is a color
space which expresses color as three numerical values, L* for
the lightness and a* and b* for the green-red and blue-yellow
color components. The lightness value, L*, represents the
darkest black at L* = 0, and the brightest white at L* = 100.
The color channels, a* and b*, represent true neutral gray
values at a* = 0 and b* = 0. The a* axis represents the green-
red component, with green in the negative direction and red
in the positive direction. The b*axis represents the blue-
yellow component, with blue in the negative direction and
yellow in the positive direction.

It aspires to perceptual uniformity, and its L
component closely matches human perception of lightness.
Thus, it can be used to make accurate color balance
corrections by modifying output curves in the a and b
components, or to adjust the lightness contrast using the L
component. In RGB or CMYK spaces, which model the
output of physical devices rather than human visual
perception, these transformations can be done only with the
help of appropriate blend modes in the editing application.

Because the Lab space is larger than the gamut of
computer displays and printers and because the visual step
widths are relatively different to the color area, a bitmap
image represented as Lab requires more data per pixel to
obtain the same precision as an RGB or CMYK bitmap.
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3) Contrast Limited AHE:

Adaptive Histogram Equlisation (AHE) tends to over amplify
the contrast in near-constant regions of the image, since the
histogram in such regions is highly concentrated. As a result,
AHE may cause noise to be amplified in near-constant
regions. Contrast Limited AHE (CLAHE) is a variant of
adaptive histogram equalization in which the contrast
amplification is limited, so as to reduce this problem of noise
amplification. CLAHE limits the amplification by clipping
the histogram at a predefined value (called clip limit) before
computing the CDF. Contrast Limited AHE (CLAHE) differs
from ordinary adaptive histogram equalization in its contrast
limiting.

C. Feature Extraction

A feature is a piece of information which is relevant for
solving the computational task related to a certain application.
If we observe the eye structure of a normal person and a
person who suffer from diabetic retinopathy, we can find
some changes like presence of exudate, hemorrhage as well
as blood vessel.

Diabetic Retinopathy

Normal Eye

Diabetic Retinopathy

Microaneurysms VYesals  /

Fig. 3: Normal eye verse DR affected eye

So, in-order to detect Diabetic Retinopathy we can
extract different features.
1) Hemorrhage Detection:
Hemorrhage means for the escape of blood from a ruptured
blood vessel. The existence of hemorrhages in the retina is
the initial indication of DR. The seriousness of the infection
can be analyzed by the number and shape of hemorrhages
present in the eye.
2) Hard exudates Detection:
The distinct yellow-white intra-retinal deposits which can
vary from small specks to larger patches are called hard
exudates. There is also possibility for the hard exudate to
evolve into rings known as circinates. These hard exudates
are mainly composed of extracellular lipid which has
discharged from weird retinal capillaries.
3) Blood vessel Detection:
Due to diabetic retinopathy, new abnormal blood vessels will
grow in the retina. Hence it is possible to identify the presence
of DR by detecting these new blood vessel. The partition of
blood vessels of the retina can be obtained through
representing each pixel as either the vessel pixel or non-vessel
pixel.

Moderate
Normal Fundus V NonprohferatweDRp
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Fig. 4: Diabetic retinopathy different stages

Keypoints are the spatial locations, or points in the
image that define what is interesting or what stand out in the
image. Keypoints are special is because no matter how the
image changes, the same keypoints in this modified image
when comparing with the original image. Here we are using
SUREF algorithm for keypoint detection.

Speeded up robust features (SURF) is a patented
local feature detector and descriptor. To detect interest points,
SURF uses an integer approximation of the determinant of
Hessian blob detector, which can be computed with 3 integer
operations using a pre-computed integral image. Its feature
descriptor is based on the sum of the Haar wavelet response
around the point of interest. These can also be computed with
the aid of the integral image. SURF descriptors have been
used to locate and recognize objects, people or faces, to
reconstruct 3D scenes, to track objects and to extract points
of interest.

D. CNN Architecture Creation

The CNN architecture implicitly combines the benefits
obtained by a standard neural network training with the
convolution operation to efficiently classify images. Further,
being a neural network, the CNN (and its variants) are also
scalable for large datasets, which is often the case when
images are to be classified.

Learning is less in other algorithms like knn, svm
and logistic regression, when compared to CNN. Because
there is no transfer learning in different Machine learning
algorithm.

As there is more learning then less error will be occurred.

Inception network was an important milestone in the
development of CNN classifiers. Inception v3 architecture
allows the model to recover both local feature via smaller
convolutions and high abstracted features with larger
convolutions. The figure shows the architecture of a single
inception module.
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Fig. 5: Architecture of a single inception module.
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E. Classification

Image classification refers to the. labelling of images into one
of a number of predefined categories. Here we are classifying
the input into 5 different categories such as no DR, mild,
moderate, severe, proliferative DR.

1) Mild Non-Proliferative Retinopathy:

At this early stage, small areas of balloon-like swelling occur
in the retina’s tiny blood vessels.

2) Moderate Non-Proliferative Retinopathy:

As the disease progresses, some blood vessels that nourish the
retina become blocked.

3) Severe Non-Proliferative Retinopathy:

Many more blood vessels become blocked, which disrupts the
blood supply that nourishes the retina. The damaged retina
then signals the body to produce new blood vessels.

4) Proliferative Retinopathy:

At this advanced stage, signals sent by the retina trigger the
development of new blood vessels that grow (or proliferate)
in the retina and the vitreous, which is a transparent gel that
fills the interior of the eye. Because these new blood vessels
are abnormal, they can rupture and bleed, causing
hemorrhages in the retina or vitreous. Scar tissue can develop
and can tug at the retina, causing further damage or even
retinal detachment.

IV. DISCUSSION

Developing a system for the detecting the presence of DR and
classification of DR stages. Deep neural network is used to
assess the proper stage of diabetic retinopathy based on color
fundus photo of retina. The properties of deep learning
allowed to train classifier that is able to automatically extract
features from the raw images. The accuracy of detection of
DR can be improved by identifying more features. Blood
vessel extraction and segmentation can be done for getting
more detailed features. Creation and training of a deep neural
network is the next step to be done.

V. CONCLUSION

Prolonged diabetes leads to DR, where the retina is dam-aged
due to liquid spilling from the blood vessels. Diabetic
Retinopathy detection can help us to prevent vision loss.
Usually, the stage of DR is judged based on blood vessels,
exudes, hemorrhages, micro aneurysms and texture.
Automated DR identification can decrease the grading cost
and thereby make the whole screening process less expensive.
A few of the algorithms and systems reviewed in this paper
are close to achieve DR detection in clinical practice.
Inception v3 is a widely-used image recognition model that
has been shown to attain greater than 78.1 percentage
accuracy on the ImageNet dataset. Using deep learning
algorithms like Resnet, inception will improve the detection
accuracy.
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