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Abstract.

Diabetic Retinopathy is one of the most prominent eye diseases and is the leading cause of

blindness amongst adults. Automatic detection of Diabetic Retinopathy is important to prevent irreversible
damage to the eye-sight. Existing feature learning methods have a lesser accuracy rate in computer aided
diagnostics; this paper proposes a method to further increase the accuracy. Machine learning can be used
effectively for the diagnosis of this disease. CNN and transfer learning are used for the severity classification
and have achieved an accuracy of 73.9 percent. The use of XGBoost classifier yielded an accuracy of 76.5

percent.
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1 Introduction

Diabetic Retinopathy (DR) is a disecase which occurs due
to damage to the retina. It is a leading cause of blindness
[15]. Diabetic Retinopathy has different levels of severity.
Severity level is a crucial aspect in Diabetic Retinopathy. It
not only tells us about the risk of blindness but also dictates
whether it can be cured or not. People diagnosed with di-
abetes have a higher probability of getting diagnosed with
DR. Hence regular screening of diabetic patients for DR
helps in early detection and therefore treatment.

Early detection is an important aspect in Diabetic
Retinopathy. Diabetic retinopathy affects up to 80 percent
of those who have had diabetes for 20 years [1] or more.
It often has no early warning signs, but if detected early it
can be cured 90 percent of the time [15]. DR can be classi-
fied into three categories [3]: 1.Hypertensive Retinopathy
2.Arteriosclerotic Retinopathy 3.Retinopathy of prematu-
rity

This paper focuses on Hypertensive and Arterioscle-
rotic retinopathy. Hypertensive retinopathy is caused by
high blood pressure [3]. The high blood pressure causes
damage to blood vessels in the retina. This puts pressure
on the optic nerve which can limit the retina function lead-
ing to blindness. Arteriosclerotic retinopathy is caused by
Arteriosclerosis [4]. Thickening of walls of arteries in the
eye occurs in this condition. Hence the blood flow is par-
tially blocked which causes vision impairment. If this con-
dition remains untreated can cause swelling or even burst-
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ing of blood vessels. Hence the early detection and treat-
ment of Diabetic Retinopathy is necessary.

In hospitals and clinics the analysis is performed by an
ophthalmologist manually. The retina scan is captured by
retinal scanners. These scans are observed and analyzed.
The ophthalmologist looks for signs such as hemorrhages,
swelling of blood vessels, clots, the color of the retina and
many more [S]. This entire process is manual and thus
takes a significant amount of time. Besides this there’s
always the element of human error which cannot be pre-
dicted. These factors can collectively lead to misdiagnosis.

If Diabetic Retinopathy is misdiagnosed and accurate
treatment isn’t provided it can cause irreversible damage to
the retina and might result in permanent blindness. Thus
an accurate diagnosis is necessary. Computerizing the
whole detection is one way to prevent misdiagnosis.

A neural network is a set of algorithms loosely mod-
eled after the structure of the human brain [16]. Neural
networks are designed to recognize patterns. Hence we
can make such a network that’ll help us identify the cases
of diabetic retinopathy. A tool to determine the severity of
the DR would be incredibly useful so doctors can diagnose
it faster and more accurately.

Several algorithms have been proposed for DR de-
tection and severity analysis. However these algorithms
have a lower rate of correct diagnosis. To address this
low accuracy problem, we used different neural networks
but mainly Convolutional Neural Network (CNN). CNN
is a type of neural network mostly used to analyze vi-
sual imagery. CNNs consist of multilayer perceptrons
[16]. Multilayer perceptrons are fully connected networks.
The name ‘Convolutional Neural Network’ implies that
the network is performing convolution function. In CNN
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the input is a tensor with a definite shape. This shape is
‘number of images x image width x image height x im-
age depth’ After the image passes through these layers a
feature map is created. This way each layer performs con-
volution and passes the result to the next layer.

Our dataset was created using retinal scans provided
by EyePacs. This dataset contained normal retina scans
as well as retina scans of people diagnosed with DR. The
dataset had retinal scans with varying severity of DR. The
severity of Diabetic Retinopathy was on a scale of 0 to 4,
0 being the absence of DR and 4 being proliferative DR.
Using these images neural network was trained to look for
features such as shape, size, color etc. Using these param-
eters the network gave the result. The output of CNN was
the indication of the severity of the DR.

Firstly, pre-processing was performed in order to fine
tune the dataset. This included cropping of the retinal
scan, suppressing the noise etc. We make use of VggNet,
ResNet and inception V3 to obtain a more accurate result.
The use of XGBoost trainer classifier further increased the
accuracy.

We illustrated dataset, pre-processing and algorithm in
section 3 and in section 4 we illustrated the testing results
and accuracy of the various models.

2 Literature Survey

In the (DRSS) Diabetic Retinopathy Severity Score man-
ual [14], Bob Wilkes explains how diabetic retinopathy
is detected from retina scans of the eyes. The man-
ual explains how the early signs of diabetic retinopathy
which are abnormal blood vessels, retinal detachment and
swelling of the retina. These signs are looked for in a
patient’s retinal scans to check if there is any danger to
the patient’s eyesight. Bio-inspired nano-sensor-enhanced
CNN visual computer, elaborated on image recognition,
stabilization, and pattern detection can be done using a
CNN [12]. In [15] demonstrates the effectiveness in the
detection of lesions in retinal images using CNNs.

In [13], the resourcefulness of transfer learning models
was illustrated. Google’s inception V3 has been used af-
ter cleaning the dataset via transfer learning. While train-
ing a validation split of 0.1 was introduced and the model
used the Softmax classifier and Inception v3 is a widely-
used image recognition model that has been shown to at-
tain greater than 78.1 percent accuracy on the ImageNet
dataset.

The use of a combination of datasets is explained in
[6], and one of those was maintained by EyePacs. The
other dataset was named Messidor-2 and is publicly avail-
able. While training the model, Pre-initialization and
batch normalization was used to improve training speed
and accuracy. The model used 80 percent of the images
for optimizing network weights and 20 percent to optimize
hyperparameters. The model accuracy was 70.7 percent.

In [7], during their pre-processing stage they per-
formed color normalization using the OpenCV package.
They trained the network using stochastic gradient de-
scent with Nesterov momentum. They performed analy-
sis to grade the severity of Diabetic Retinopathy and vali-

dated their result by verifying from an expert ophthalmol-
ogist. [9] explained the advantages of GoogleNet, ResNet,
AlexNet etc. The accuracy of the used VggNet-s model
classification was 95.68 percent.

Pires et al. in their research have demonstrated how
a multi-resolution training approach works [10]. In this
model the weights from the previously trained network can
be utilised in order to increase accuracy and boost the ef-
ficiency. So this used multiple CNNs. The weights from
the first CNN at the end were used as the initial weights
of the second CNN. In "Modificd Alexnet architecture for
classification of diabetic retinopathy images" the images
were split in RGB channels [11]. Using these channels
the images were refined. As different channels have differ-
ent advantages their added collective benefit increased the
model accuracy to 96 percent. By reading all these papers
on Diabetic Retinopathy detection using the Convolutional
Neural Network we created our own model based on that
knowledge.

3 Proposed Algorithm

The retinal scans we used in the dataset were maintained
by EyePacs, a California based foundation that actively
works on Diabetic Retinopathy screening programs. There
were a total of 35126 retinal scans in the training data.
These images were in pairs having a left and right retinal
images of every subject and it was named accordingly. A
trained clinician-rated the presence of Diabetic Retinopa-
thy and included the same for every individual image in a
.csv file. The CSV file contained the severity graded from
0-4 of its corresponding retinal image.

Class Name Degree of DR Numbers
Class 0 Normal 25810
Class 1 Mild 2443
Class 2 Moderate 5292
Class 3 Severe 873
Class 4 Proliferative 708

Since the images had a different resolution we had to
reshape them to a standard resolution to make the dataset.
The standard resolution we chose was 1024x1024. So
keeping that in mind we resized all the images to that res-
olution. While doing so we changed the aspect ratio of all
images to 1:1. This made the dataset more uniform. The
image below shows the difference between a normal retina
and a retina of a person diagnosed with Diabetes.

Hemorrhages, Aneurysm and abnormal growth of
blood vessels can be observed in the second retina scan.
We pre-processed our data to enhance these features of
the retina scan so that they can be easily detected. We
tried Ben Graham’s insightful way of improving lighting
in the images so that the lesions, hemorrhaging are visible
clearly in the image.

In this method we convert the image into gray-scale to
reduce the layers of the image to reduce computing time.
Next we add another image to the image, this added im-
age is called the Gaussian Blur effect. It adds an image
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Figure 1. Normal eye vs affected eye

Figure 2. Gray scale image

which is considered as white Gaussian Noise which sup-
presses the non-vital regions in the image. It has its own
sigma level adjustments and alpha-beta-gamma filter lev-
els to adjust the levels of the Gaussian Blur.

We have also cropped out the non relevant black ar-
eas in the background of the scans by using a cropping
algorithm that crops out the areas without any informa-
tion and keeps only the areas which contain the retinal
scans. However the method used by us is applicable only
for gray-scale images.The preprocessed images were then
converted to datasets to be used by the models that will be
further developed by us.

0 100 200 300

Figure 3. Image with Gaussian Blur

We have developed a Convolutional Neural Network
of 7 layers that extract the features from the images and
help the network to classify the images more accurately.
The network runs for 10 epochs and gives accuracy in the
range of 70-80 percent. Another method used in this pa-
per is the XGBoost library which uses Booster models for
classification problems. This method works very well for
imbalanced datasets like the ones used for this problem.
They have block structure implementation to support par-
allelization of tree structure. This ensures a very high ac-
curacy in the training process.

We have employed two transfer learning models as
well to gauge the accuracy of the detection under some
of the established learning algorithms. Transfer learning
is an approach that involves storing knowledge acquired
from solving a problem and using that knowledge to solve
another pertinent problem. For instance, the knowledge
gained while learning to identify cars could be used to de-
sign a model that would recognize trucks.

From a practical standpoint, transferring information
from previously trained models or tasks for the learning
of distinct and newer tasks has the potential to signifi-
cantly boost the performance of a reinforcement learn-
ing agent. Three possible benefits to look for when using
transfer learning as stated by Lisa Torrey and Jude Shav-
lik in their book under the chapter of transfer learning are
[20]: "Higher start. The initial skill (before refining the
model) on the source model is higher than it otherwise
would be. Higher slope. The rate of improvement of skill
during the training of the source model is steeper than it
otherwise would be. Higher asymptote." The overall ca-
pability of the the transferred model is better than a model
that would be designed from scratch.

We have used the following three pre-trained models
to implement transfer learning: Google’s Inception V3
model and Microsoft’s ResNet

4 Results

Vision loss can be prevented if diabetic retinopathy is
diagnosed at an early stage.The algorithm proposed fo-
cuses on developing an accurate model to detect the sever-
ity of the disease. Deep learning is one of the most
widely used techniques for countering classification prob-
lems with higher efficiency. Meticulously designed Con-
volution Neural Networks providing accurate classifica-
tion will be helpful in the diagnosis. The class with the
highest probability score is called the winning class.

Algorithm Classifier Performance
CNN Sigmoid 73.9%
ResNet50 Relu 73.9%
InceptionV3  Relu 73.9%
XGBoost XGBClassifier 76.5%

There were a total of 35126 images available for train-
ing. The CNN Model developed by us yields an accuracy
of 73.9 percent , whereas th e value accuracy for the model
is 75.1 percent. The XGBoost classifier trainer gives us a
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boosting system which uses a recursive learning system
to rectify the errors. The ResNet50 model yielded a 75.3
percent accuracy and uses around 24,113,421 total param-
eters out of which 24,060,541 are trainable and 53,120 are
non-trainable parameters. The Inception V3 is the algo-
rithm developed by Google which is widely used for im-
age recognition and gives us an accuracy of 76.2 percent.

Name Technique Accuracy
Xiaoling Wang ct. al. [17] Inception V3 = 63.23%
Kwasigroch et. al. [18] CNN 51%
Hare S.S. et. al. [19] CNN 74.04%
Proposed XGBoost 76.5%

5 Conclusion

In this paper we introduced a CNN architecture designed
to detect and identify the cases of Diabetic Retinopathy.
This method was used to classify a retina scan into dif-
ferent classes from O to 4, class O indicating absence of
DR and class 4 being proliferative DR. This architecture
yielded an accuracy of 73.9 percent, and on using XG-
Boost the accuracy rose to 76.5 per cent. Further research
can improve the accuracy.

References

[1] Kertes PJ, Johnson TM, eds. (2007). Evidence Based
Eye Care. Philadelphia, PA: Lippincott Williams and

https://www.medicinenet.com/script/main/art.asp?
articlekey=24652

[5] Cold, E.,, Health, E., Disease, H., Disease, L., Man-
agement, P., Conditions, S., Problems, S., Disorders,
S., Checker, S., Blogs, W., Boards, M., Answers, Q.,
Guide, 1., Doctor, F., A-Z, C., A-Z, S., Medications,
M., Identifier, P., Interactions, C., Drugs, C., Preg-
nant, T., Management, D., Obesity, W., Recipes, F.,
Exercise, F., Beauty, H., Balance, H., Relationships,
S., Care, O., Health, W., Health, M., Well, A., Sleep,
H., Teens, H., Pregnant, G., Trimester, F., Trimester,
S., Trimester, T., Baby, N., Health, C., Vaccines, C.,
Kids, R., Cats, H., Dogs, H., Updates, C., Untreat-
able, C., Back, 1., Play Golf, L., Peak, F., Boards, M.,
Blogs, W. and Center, N. (2020). Diabetic Retinopathy:
Risks, Treatments, Prevention. [online] WebMD. Avail-
able at:  https://www.webmd.com/diabetes/diabetic-
retinopathy

[6] Gulshan, V., Peng, L., Coram, M., Stumpe, M., Wu,
D., Narayanaswamy, A., Venugopalan, S., Widner, K.,
Madams, T., Cuadros, J., Kim, R., Raman, R., Nel-
son, P., Mega, J. and Webster, D. (2016). Development
and Validation of a Deep Learning Algorithm for De-
tection of Diabetic Retinopathy in Retinal Fundus Pho-
tographs. JAMA, 316(22), p.2402.

[7] Pratt, H., Coenen, F., Broadbent, D., Harding, S. and
Zheng, Y. (2016). Convolutional Neural Networks for
Diabetic Retinopathy. Procedia Computer Science, 90,
pp-200-205.



ITM Web of Conferences 32, 01012 (2020)
ICACC-2020

https://doi.org/10.1051/itmcon{/20203201012

[8] Triwijoyo, B., Budiharto, W. and Abdurachman, E.
(2017). The Classification of Hypertensive Retinopathy
using Convolutional Neural Network. Procedia Com-
puter Science, 116, pp.166-173.

[9] Wan, S., Liang, Y. and Zhang, Y. (2018). Deep convo-
lutional neural networks for diabetic retinopathy detec-
tion by image classification. Computers and Electrical
Engineering, 72, pp.274-282.

[10] Pires, R., Avila, S., Wainer, J., Valle, E., Abramoft,
M. and Rocha, A. (2019). A data-driven approach to
referable diabetic retinopathy detection. Artificial Intel-
ligence in Medicine, 96, pp.93-106.

[11] Shanthi, T. and Sabeenian, R. (2019). Modi-
fied Alexnet architecture for classification of diabetic
retinopathy images. Computers and Electrical Engi-
neering, 76, pp.56-64.

[12] Porod, Wolfgang and Werblin, Frank and Chua,
Leon and Roska, Tamas and Rodriguez-Vazquez, An-
gel and Roska, Botond and Fay, Patrick and Bern-
stein, Gary and Huang, Yih-Fang and Csurgay, Arpad.
(2004). Bio-Inspired Nano-Sensor-Enhanced CNN Vi-
sual Computer. Annals of the New York Academy of
Sciences. 1013. 92-109. 10.1196/annals.1305.011.

[13] S. Srivastava, S. Prabhu, S. Ramesh, S. Pratapneni,
A. Abraham and S. V Bhandary, "Visualizing the In-
dicators of Diabetic Retinopathy Learnt by Convolu-
tional Neural Networks," 2017 IEEE International Con-
ference on Computational Intelligence and Computing
Research (ICCIC), Coimbatore, 2017, pp. 1-3.

[14] Wilkes, B. (2009). Central Mersey Diabetic
Retinopathy Screening Programme. [online] pp.45-50.

[15] DocShop. (2020). Diabetic Retinopathy - Causes,
Diagnosis, Symptoms, Risks. [online] Available
at: https://www.docshop.com/education/vision/eye-
diseases/diabetic-retinopathy.

[16] DeMuro, J. (2020). What is a neural net-
work?. [online] TechRadar. Available at:
https://www.techradar.com/news/what-is-a-neural-
network.

[17] X. Wang, Y. Lu, Y. Wang and W. Chen, "Diabetic
Retinopathy Stage Classification Using Convolutional
Neural Networks," 2018 IEEE International Confer-
ence on Information Reuse and Integration (IRI), Salt
Lake City, UT, 2018, pp. 465-471.

[18] Kwasigroch, Arkadiusz, Bartlomiej Jarzembinski,
and Michal Grochowski. "Deep CNN based decision
support system for detection and assessing the stage
of diabetic retinopathy.” 2018 International Interdisci-
plinary PhD Workshop (IIPhDW). IEEE, 2018

[19] Sharma, H., Singh, A., Chandel, A., Singh, P. and
Sapkal, P. (2019). Detection of Diabetic Retinopa-
thy Using Convolutional Neural Network. SSRN Elec-
tronic Journal.

[20] Torrey, Lisa and Jude Shavlik. "Transfer Learning."
Handbook of Research on Machine Learning Appli-
cations and Trends: Algorithms, Methods, and Tech-
niques. IGI Global, 2010. 242-264.



