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ABSTRACT

Diabetic retinopathy (DR) is a popular problem of diabetes and the major reasons of loss of sight in the active inhabitants.
Many of the problems of DR can be avoided by blood glucose manage and regular remedy. Since the kinds and the
difficulties of DR, it is actually hard for DR detection in the time-consuming regular analysis. This document is to effort
towards discovering an automated method to sort out a provided set of fundus images. We provide convolutional neural
networks (CNNs) power to DR detection that consists of 3 major hard challenges: classification, segmentation and
detection. Combined with transfer learning and hyper-parameter tuning, we follow AlexNet, VggNet, GoogleNet, ResNet,
and analyze exactly how well these types do together with the DR image classification. We utilize publicly available
Kaggle platform for training these versions. The greatest classification accuracy is 95.68% and the outcomes have
confirmed the better accuracy of CNNs and transfer learning on DR image classification.
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1. INTRODUCTION

Diabetic retinopathy (DR), is the most popular
retinal disorders, is a popular problem of diabetes and one
of the main causes of loss of sight in people. Since the
actual disease is an ongoing procedure, healthcare
specialists recommend that diabetic patients require to be
diagnosed not less than twice a year in order to regular
diagnose symptoms of disease. In the current medical
diagnosis, the detection generally relies on the
ophthalmologist analyzing the color fundus image and then
examines the patient’s situation. This detection is hard and
time-consuming, that outcomes in more problem. In
addition, due to the huge number of diabetic patients and
the absence of medical sources in a few regions, several
patients with DR cannot timely identified and handled,
therefore lose the best therapy options and ultimately lead
to irreversible vision loss, as well as also the implications of
blindness. Specifically for all those patients in earlier stage,
if DR may be discovered and handled instantly, the
deteriorated method can be well managed and delayed. At
the same period, the impact of manual model is really
depending on the clinician’s knowledge.
Misdiagnosisfrequently happens due to the absence of
knowledge of healthcare physicians. In the previous ten
years, deep CNNs have built the amazing accomplishments
in a huge amount of computer eyesight and image
classification, considerably exceeding all earlier image
analysis techniques. Computer-aided diagnosis is preferred
because it enables for mass verification of the disease. For
that reason, in order to attain fast, reliable computer-aided
diagnosis and therapy, the application of CNNs to instantly
and accurately method andevaluate DR fundus images is
still a very required and important job.

The inspiration of this particular paper is to carry out an
automated diagnosis of DR using fundus images distinction.
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We perform on classifying the fundus images by the
severity of DR, so that an end-to-end real-time
classification from fundus picture to the problem of patients
can be attained. Rather of the doctors’ manual operation
with experience, it reduces their stress on the analysis and
therapy for DR in an automated and high-accuracy way.

Table: 1 Classification dataset

Class name the degree of DR Numbers
Class 0 Normal 25810
Classl Mild 2443
Class 2 Moderate 5292
Class 3 Severe 873
Class 4 Proliferative 708

For this job, we are choosing different image preprocessing
techniques to acquire several essential attributes and then
sort out to their individual classes. We follow CNNs
architecture to detect the DR in 5 data sets. We examine the
sensitivity, specificity, accuracy, Receiver Operating
Characteristic (ROC) and Area Under Curve (AUC) of the
models. The efforts of this particular document are
described as follows: In get to the best bulk image dataset
to train having for our models, we acquire preprocessing
steps, like data augmentation will improve the quantity of
training examples, and data normalization will denoise to
exactly anticipate classification.

* We might train the most recent CNNs model (AlexNet,
VggNet, Google Net and ResNet) to identify the minor
variations in between the image classes for DR Detection.

+ Transfer learning and hyper-parameter tuning were
adopted and the experimental results have demonstrated the
better accuracy than non-transferring learning technique on
DR picture classification. The remaining of this content is
structured as follows. Section 2 highlights same work of
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Convolutional Network Architectures on DR image
classification. Section 3 presents Kaggle data sets and
discusses the image preprocessing methods. Section 4
discusses the CNNs models, AlexNet, VggNet, GoogleNet
and ResNet. Section 5 presents experimental evaluation and
evaluation metrics. Finally, it finishes the article in Section
6.

2. RELATED WORK

Automatic detection of DR images has such
features that DR can be recognized at earlier levels
successfully. Earlier detection and therapy are truly
essential for delaying or preventing visible destruction. For
a summary of such methods referenced [1,2] . More
recently, deep learning techniques have remarkable
transformed the computer vision area. Especially lever-
aging CNNs to perform image classification has drawn
many experts. Study in this field contain segmentation of
these attributes, as well as blood vessels [3,4] . Deep CNNs
structures had been originally introduced for the remedy of
normal image classification, and current study has made
quick improvement in operating on DR fundus images
classification. Wang et al. [5] adopt a CNN (LeNet-5)
model to get image attributes for dealing with blood vessel
segmentation. These techniques have some limits. First of
all, because of the functions of dataset are taken out
manually and empirically, their precision can’t be assured.
Second, the data sets are little in size and small in quality,
generally only a few hundred of fundus images with
relatively single collection atmosphere, getting issues to
examine the efficiency of algorithms in the research. Since
Alex et al. [6,7] introduced AlexNet structures for amazing
overall performance enhancements at the 2012 ILSVRC
competition, the common applications of deep CNNS in
computer vision have formally mushroomed. After a
amount of excellent CNNs architectures have been
suggested, such as VggNet [8], GoogleNet [10] . As one of
the most crucial network models, ResNet [11] was
proposed in 2015, which further more boosts the
performance of CNNs in image classification. Since it is
hard and time-consuming to develop a product from zero,
transfer learning and hyperparameter adjusting are used in
this document. These architectures can be suggested in [12-
24]. We utilize transferring learning to facilitate the
learning time and evaluate the overall performance
withAlexNet, VggNet, GoogleNet and ResNet, which
ultimately provides an automated and correct detection so
that visible harm could be reduced to the minimal degree.
Compared to the earlier methods, our job has the following
enhancements over the concurrence time for the big scale
experimental datasets and a much better performance on
classification.

3. DATASET AND PREPROCESSING

The dataset is via a publicly Kaggle [25] website, which
attempts to create a product for DR detection. Data set is
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composed of high quality eye images and rated by trained
professionals in 5 classes (0-4) which is according to below
Table 1 and Fig. 1. The data set has 35,126 high image
resolution RGB images with a resolution of about 350
0x3000 in several varieties of imaging scenarios. The
labeling are presented by experts who list the existence of
DR in every image through a level of 0, 1, 2,3, 4, which
stand for no DR, mild, moderate, severe, proliferative DR
respectively. Clearly, the submission of experimental data
is extremely unbalanced, and the range of label “0”is almost
36 times as much as that of label “4”. Since the image of
lower quality will create incorrect outcomes, preprocessing
is an essential procedure to enhance image quality, whose
outcomes are seen as the genuine input for training data
which will sort out the images into their 5 classes.

Mild

Normal Moderate

Proliferative

Severe
Fig. 1. Classification of Dataset

Due to the loud data and the restricted number of data sets,
normalization strategies and data augmentation are used to
preprocess. Also, the fundus images are trimmed to a
smaller sized in order to remove the additional places.
Nonlocal Means Denoising (NLMD) show by Buades et al.
[26] is used to eliminate noises. At channel i at pixel j, the
denoising image x may be calculated as:

) =5 %kepin Xi O wo GRC @) =

Ykepiiry  W0.K) 1)

In addition, as a primary normalization system, we
require subtracting the mean and then dividing the
difference from the train image datasets. The training
images are turned, randomly expanded and flipped to
enhance multiple fundus images examples.

4. METHODS

CNNs have got created excellent success for their great
overall performance on image classification. Combined
with transfer learning and hyper-parameter tuning, we have
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applied AlexNet, VggNet, GoogleNet, ResNet, which are
the latest Deep CNNs, and do transfer learning and talk
about exactly how these versions classify with the DR
image dataset. Comparative talk for retinopathy detection
analysis is supplied on the overall performance of models.
Transfer learning is the technique which the final fully
connected layer of previous trained CNNSs is deleted and
seen as a feature extractor. As long as we have effectively

Trainng Image Data 1

ImageNet

[F )

Feature Learning
layer

Feature Transfering

" DR lmage >

Classifier Learning

Convolution

Multi-layer Feature

taken out all the features for all the medical pictures, we
train a classifier on the fresh dataset. The parameters of
hyperparameter-tuning method are not initialized by the
system itself, it is required to tune and improve these
parameters based to the results of training the DR image in
improving the overall performance. The pipe of the
proposed DR detection using CNNs can be shown in Fig. 2.

Fully
connected
layer

Qutput

R Classification
layer

Parameter
Tuning

Output layer Classification

Learning
Training Image Data '-————-—-—————————— - !
Fig. 2. The Pipeline of Proposed Method using CNNs
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Fig. 3 Alexnet Model

Alex Krizhevsky [6], offered a deep CNN called AlexNet in
2012 that could be much deeper than LeNet. Compared to
conventional techniques, the architecture of AlexNet is one
of the initial deep CNN model to enhance ImageNet
Classification accuracy substantially. Many relatively fresh
technology factors are introduced and AlexNet firstly
utilized Trick effectively, such as ReLU, Dropout, and LRN
to CNN. It is the base of the current deep CNN for its
serious historical significance. While AlexNet also employs
GPUs for computational acceleration, the writers open
source their CUDA code for training CNNs on the GPU.
AlexNet contains 630 million connections, 60 million
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parameters, and 650,000 neurons, with 5 convolutional
layers, of 3 which are followed by the max pooling layer,
and finally with 3 fully connected layers. AlexNet won the
highly competitive ILSVRC 2012 with a important benefit,
with the top-5 error rate down to 16.4%, a large
enhancement over the 26.2% error rate from the second
area. It is made up of 5 convolutional layers followed by 3
fully connected layers as seen in Fig. 3, with an input image
size of 227x227 and an image of 1000 natural color. The
first convolutional layer consists of convl and pooll, convl
layer uses 96 11x11 filters (11x11x3) %96 convolution
kernel to operate the input images at stride 4; in pooll layer,
3x3 filters are applied at stride 2. The second convolutional
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layer consists of conv2 and pool2, which is related to the
previous layer, resulting in 256 feature maps. Full
connectivity layer, fc6 and fc7 have 4096 neurons node, as
well as output layer fc8 layer using softmax classifier
initiates 1000 neurons according to the class scores.

4.2 Vggnet

VGGNet [8, 9] is a deep CNN produced by experts at the
University of Oxford Vision Geometry Group and Google’s
DeepMind, operating on the relationship between the depth
and performance of a CNN. It works in building a
convolution of 16 to 19 deep layers Neural Networks by
putting 3 *3 small convolution kernels and 2 building a
convolution of 16 to 19 deep layers Neural Networks by
putting 3 *3 small convolution kernels and 2 *2 maximum
pooling layers frequently. In comparison to the earlier state
of the art network architecture, VGGNet gains a substantial
error rate drop, defines second place in the ILSVRC 2014
competition group and first place in the positioning project.
The 3 *3 convolution kernels and 2 =2 pooling cores are
employed in all of the papers of VGGNet to improve
overall performance by frequently deepening network
framework. The following Fig. 4shows the VGGNet
network structure at all levels, as well as the volume of
parameters for each level, with comprehensive performance
tests from 11th layer of the network up to 19th layer of the
network. Even though the network at every stage slowly
becomes darker, the quantity of network parameters does
not improve much because it is mainly ingested in the last
three fully connected layers. Though deep in front of the
Convolution, parameters are not ingested generally.
However, training is more time-consuming portion of the
convolution for its computational complexity. VGGNet has
5 sections of convolution, every section has 2-3 convolution
layers, each section will be linked to the end of a maximum
pool to minimize the dimension of the image. Every section
has the similar number of convolution kernels, and the more
continuous segments have more convolution kernels: 64 -
128 - 256 - 512 - 512. A quite helpful style generally
consists of several identical 3 *3 convolutions piled with
each other. The effect of two 3 *3 convolution layers in
collection is equal to one 5 *5convolution layers, that is,
one pixel is associated with the surrounding 5+5 pixels, and
the receptive field size is 5+5. Three 3%3 convolution layers
in series have the similar result with a 7«7 convolution
layers, but the previous has fewer parameters (55%) and
more nonlinear transformations than the latter so that CNN
is more able of learning features. The previous can utilize a
ReLU activation function three times while the other can
only use one time.

conv2 convd convs

convi conv3

max
pool

max
pool

max
pool

max
pool

Fig.4.VggnetModel
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4.3 GoogleNet

GoogleNet InCeptionNet V1 presents the inception
framework, which keeps computational functionality with
dense matrices as well as intensives the sparsity of CNNs
framework. The way to far better the accuracy of the
product is to improve the complexity of the model. The
most primary way to improve the overall performance of
the system is to improve the depth and width of the system,
which indicates a large growing quantity of parameters.
However, the big quantity of parameters eliciting
overfitting will significantly improve the amount of
calculation. The basic way to resolve these two
disadvantages is to change all linked or even convolution
into sparse connections. On the one side, connections of
real neurological nervous systems are also thinning. On the
other side, He et al. [11] displays that for large-scale sparse
neural networks, an ideal system can be built layer by layer
by examining the statistical attributes of activation values
and the clustering of very related results which displays that
overstaffing sparse systems may be simple without
performance reduction. So, the issue now is whether there
is a way to maintain the system framework sparser and to
manipulate the large computational overall performance of
dense matrices. A big amount of files display that sparse
matrices can be grouped into more dense sub-matrices to
enhance processing efficiency. Therefore, Fig. 5, Fig. 6
suggested a framework known as Inception to obtain this
particular objective. GoogleNet used 22 layers deep CNN
in the 2014 ILSVRC competition, which is smaller, sized
and more speedily compared to VggNet, and smaller and
more exact than AlexNet on the original ILSVRC pictures.
For top-5 classification jobs, the fault rate is 5.5%. The
system framework is more complicated than VggNet,
adding ’Inception’ layers to the system structure. Each an
’Inception’ layer consists of six convolutional and one
pooling operation, which reduces the thickness of fusion
feature picture. We utilize parallel filter operations on the
input data from the earlier layer and several receptive field
image dimensions for convolution are respectively, 1x1,
3x3, and 5x5 and pooling operation is 3x3.

4.4 ResNet

Residual Neural Network (ResNet) is place forwards by
Kaiming [11] . By implies of utilizing the Residual Unit, it
effectively trains 152 deep neural network to succeed the
ILSVRC 2015 shining and obtain a 3.57% error rate
classification for top 5 classes, which is very notable though
the amount of parameters is less than VGGNet. The core of

fct fc2 fe3 softmax

max
pool

dropout dropout prediction
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ResNet, HighWay Nets, uses the omit link to let some input
into(skip) the layer indiscriminately in order to incorporate
the details circulation that can prevent the reduction of data
transferring in the layer and obliquity disappearing problem
(which also suppresses the generation of some NOISe). In
addition, controlling noise means averaging the design, and
the model still balances in between training accuracy and
generalization. The most efficient way is still to improve
more tag data, to accomplish a greater training accuracy and
the estimated level of traversal. The ResNet structure is
reasonable that can significantly speed up the training of

Filter
concatenation

1x1 convolutions 3x3 convolutions

Previous layer

Fig. 5. Inception model with naive version

Filter
concatenation

3x3 convolutions
1x1 convolutions

&

1x1 convolutions

ultra-deep neural networks and enhance the accuracy of the
product. The ResNet notion comes from what the level of
CNN raises, a destruction issue occurs. The accuracy goes
up at initial and then strikes the restriction, while growing
the depth, reduces the accuracy. This is not a issue of over-
fitting, because the error raises not only in the test cases but
also in the training cases itself. If a slightly superficial
system that fulfills the accuracy of saturation and consists
of a number of the aligned mapping layers, then to the
minimal, the error will not include, that is, the deeper the
system should not result in more training examples error.

5x5 convolutions 3x3 max pooling

5x5 convolutions 1x1 convolutions

+

1x1 convolutions 3x3 max pooling

Previous layer

Fig. 6. Inception model with dimensionary reduction
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The concept to pass the earlier output instantly to the
subsequent layer by using congruent mapping inspires ResNet.
Supposing that the enter to a specific CNN is x and the
expected output is H(X), then our learning goal is F (x) = H (X)
- x when directly transfer the input x to the output as the
preliminary result, show as in Fig. 7

5. EXPERIMENT AND RESULTS

5.1Performances metrics

The metrics for overall performance analysis which are
properly identified used to evaluate the overall performance of
classification algorithms are accuracy, sensitivity, specificity,
and AUC. It is recognized that accuracy is the ratio of
accurately classified examples to the entire examples, which is
a great calculate to assess models overall performance.

ACC=TP+TN/TP+FP+TN+FN (2)
SE=TP/TP+FN 3)
SP=TN/TN+FP (4)

Table: 2 Classification results with randomly initialized
parameters of CNNs model

Model SP SE ACC AUC
AlexNet 90.07% | 39.12% 73.04% | 0.7968
VggNet-s 93.98% | 33.43% 73.66% | 0.7901
VggNet-16 | 29.09% | 86.37% 48.13% | 0.5512
VggNet-19 | 96.05% | 54.51% 82.17% | 0.7938
GoogleNet | 86.84% | 64.83% 86.35% | 0.7756
ResNe 90.53% | 73.77% | 0.7868% | 0.8266
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Table: 3 Classification results with hyperparameter- tuning

Model SP SE ACC AUC
AlexNet 94.07% 81.27% 89.75% | 0.9342
VggNet-s 97.43% 86.47% 95.68% | 0.9786
VggNet-16 94.32% 90.78% 93.17% | 0.9616
VggNet-19 96.49% 89.31% 93.73% | 0.9684
GoogleNet 93.45% 77.66% 93.36% | 0.9272
ResNe 95.56% 88.78% 90.40% | 0.93.65

5.2 Experimental Validation

As shown in Table 2, various CNNSs architectures have distinct
classification performance and the total -classification
performances are weak. At the similar time, in the procedure
of training, we identified thatthere endured over-fitting
occurrence, in order to function out the over-fitting problem,
we use transfer learning and hyperparameter-tuning
techniques to more accurately sort out the fundus images.
Transfer learning experimental configurations are as follows:
the fundus images data was improved to 20 times of the
unique, with 30 training iterations, the learning rate is linear
variation between [0.0 0 01-0.1], as well as the stochastic
gradient descent optimized technique is used to upgrade the
weights values. Five times the cross-validation is to calculate
the outcomes. The accuracy of VggNet-s model classification
in the experiment is 95.68% in Table 3 . The other have weak
classification accuracy. This may be because of to the reality
that the other architectures have bigger and more complex
framework and more training parameters than VVggNet-s. More
reversing parameters and fewer training data might generate
over-fitting trend, which may produce the less incorrect
classification overall performance.

6. CONCLUSIONS AND FUTURE WORK

Diabetic Retinopathy is just one of the difficulties of diabetes
and is an critical blinding disease. Efficient and automatic
analysis to the level of Diabetic Retinopathy lesions has a
crucial medical importance. Earlier analysis permits for earlier
therapy, which is vital because earlier detection can efficiently
avoid visible disability. Diabetic Retinopathy automated
classification of fundus images can efficiently support
physicians in Diabetic Retinopathy analysis, which can
enhance the diagnostic performance. In this report, exactly
Convolutional Neural Networks for detecting Diabetic
Retinopathy and transfer learning are introduced to classify
Diabetic Retinopathy fundus images and automated feature
learning minimizes the procedure of removing the feature of
fundus images. At the similar time, data normalization and
augmentation make up for the shortage of fundus image
defects, as well as the product selection and parameter training
which are reviewed. The finest experimental classification
accuracy is 95.68% and our results produce better accuracy on
Diabetic Retinopathy image classification.

Int. j. inf. technol. electr. eng.

30



Volume 10, Issue 2

ITEE Journal ISSN: - 2306-708X

Ap”’ 2021 Information Technology & Electrical Engineering
©2012-21International Journal of Information Technology and Electrical Engineering
REFERENCES Denoising Algorithm. Image Processing On Line, 3, 1-42.

[1] Dupas, B., Walter, T., Erginay, A., Ordonez, R., Deb-
Joardar, N., & Gain, P. et al. (2010). Evaluation of automated
fundus photograph analysis algorithms for detecting
microaneurysms, haemorrhages and exudates, and of a
computer-assisted diagnostic system for grading diabetic
retinopathy. Diabetes &  Metabolism, 36(3), 213-220.
https://doi.org/10.1016/j.diabet.2010.01.002

[2] Vasileiadis, M., Bouganis, C., & Tzovaras, D. (2019).
Multi-person 3D pose estimation from 3D cloud data using 3D
convolutional neural networks. Computer Vision And Image
Understanding, 185, 12-23.
https://doi.org/10.1016/j.cviu.2019.04.011

[3] XU, K., ZHU, L., WANG, R., LIU, C., & ZHAQ, Y.

(2016). SU-F-J-04. Automated Detection of Diabetic
Retinopathy Using Deep Convolutional Neural
Networks. Medical Physics, 43(6Part8), 3406-3406.

https://doi.org/10.1118/1.4955912

[4] Wu, X., Luo, C., Zhang, Q., Zhou, J., Yang, H., & Li, Y.
(2019). Text Detection and Recognition for Natural Scene
Images Using Deep Convolutional Neural
Networks. Computers, Materials & Continua, 61(1), 289-300.
https://doi.org/10.32604/cmc.2019.05990

[5] Wang, S., Yin, Y., Cao, G., Wei, B., Zheng, Y., & Yang,
G. (2017). Corrigendum to “Hierarchical retinal blood vessel
segmentation based on feature and ensemble Ilearning”
[Neurocomputing 149 (2015) 708
717]. Neurocomputing, 226, 270-272.
https://doi.org/10.1016/j.neucom.2016.08.031

[6] Krizhevsky, A., Sutskever, I., & Hinton, G. (2017).
ImageNet classification with deep convolutional neural
networks. Communications Of The ACM, 60(6), 84-90.
https://doi.org/10.1145/3065386

[7] Bularca, L. (2020). THE IMPACT OF RESIDUAL
LAYERS AND INCEPTION MODULES ON META-
LEARNING. Bulletin Of The Transilvania University Of
Brasov. Series | - Engineering Sciences, 13(62)(1), 27-34.
https://doi.org/10.31926/but.ens.2020.13.62.1.4

[8] A. Karishma et al.,, A. (2018). Smart Office Surveillance
Robot using Face Recognition. International Journal Of
Mechanical And Production Engineering Research And
Development, 8(3), 725-734.
https://doi.org/10.24247/ijmperdjun201877

[9] Barat, C., & Ducottet, C. (2016). String representations
and distances in deep Convolutional Neural Networks for
image classification. Pattern Recognition, 54, 104-115.
https://doi.org/10.1016/j.patcog.2016.01.007

[10] Sengupta, A., Ye, Y., Wang, R., Liu, C., & Roy, K.
(2019). Going Deeper in Spiking Neural Networks: VGG and
Residual  Architectures. Frontiers In  Neuroscience, 13.
https://doi.org/10.3389/fnins.2019.00095

[11] Nanni, L., Ghidoni, S., & Brahnam, S. (2017).
Handcrafted vs. non-handcrafted features for computer vision
classification. Pattern Recognition, 71, 158-172.
https://doi.org/10.1016/j.patcog.2017.05.025

[12] Lebrun, M., Buades, A., & Morel, J. (2013).
Implementation of the "Non-Local Bayes" (NL-Bayes) Image

ITEE, 10 (2), pp. 25-32, APR 2021

https://doi.org/10.5201/ipol.2013.16

[13] Sahu, A., & Bhowmick, P. (2020). Feature Engineering
and Ensemble-Based Approach for Improving Automatic
Short-Answer Grading Performance. IEEE Transactions On
Learning Technologies, 13(1), 77-90.
https://doi.org/10.1109/t1t.2019.2897997

[14] Krizhevsky, A., Sutskever, I., & Hinton, G. (2017).
ImageNet classification with deep convolutional neural
networks. Communications Of The ACM, 60(6), 84-90.
https://doi.org/10.1145/3065386

[15] Tajbakhsh, N., Shin, J., Gurudu, S., Hurst, R., Kendall,
C., Gotway, M., & Liang, J. (2016). Convolutional Neural
Networks for Medical Image Analysis: Full Training or Fine
Tuning?. IEEE Transactions On Medical Imaging, 35(5),
1299-1312. https://doi.org/10.1109/tmi.2016.2535302

[16] Shin, H., Roth, H., Gao, M., Lu, L., Xu, Z., & Nogues, I.
et al. (2016). Deep Convolutional Neural Networks for
Computer-Aided Detection: CNN Architectures, Dataset
Characteristics and Transfer Learning. IEEE Transactions On
Medical Imaging, 35(5), 1285-1298.
https://doi.org/10.1109/tmi.2016.2528162

[17] Vasconcelos, C., & Vasconcelos, B. (2020). Experiments
using deep learning for dermoscopy image analysis. Pattern
Recognition Letters, 139, 95-103.
https://doi.org/10.1016/j.patrec.2017.11.005

[18] Murphy, R., & Keegan, D. (2017). National diabetic
retina screening programme: identifying non-diabetic eye
disease. ActaOphthalmologica, 95.
https://doi.org/10.1111/j.1755-3768.2017.01374

[19] Mookiah, M., Acharya, U., Chandran, V., Martis, R.,
Tan, J., & Koh, J. et al. (2015). Application of higher-order

spectra for automated grading of diabetic
maculopathy. Medical &  Biological Engineering &
Computing, 53(12), 1319-1331.

https://doi.org/10.1007/s11517-015-1278-7

[20] Krizhevsky, A., Sutskever, I., & Hinton, G. (2017).
ImageNet classification with deep convolutional neural
networks. Communications Of The ACM, 60(6), 84-90.
https://doi.org/10.1145/3065386

[21] Ramachandran, N., Hong, S., Sime, M., & Wilson, G.
(2017). Diabetic retinopathy screening using deep neural
network. Clinical & Experimental Ophthalmology, 46(4), 412-
416. https://doi.org/10.1111/ce0.13056

[22] Mohammadpoory, Z., Nasrolahzadeh, M., Mahmoodian,
N., & Haddadnia, J. (2019). Automatic identification of
diabetic retinopathy stages by using fundus images and
visibility  graph  method. Measurement, 140,  133-141.
https://doi.org/10.1016/j.measurement.2019.02.089

[23] Acharya U, R., Chua, C., Ng, E., Yu, W., & Chee, C.
(2008). Application of Higher Order Spectra for the
Identification of Diabetes Retinopathy Stages. Journal Of
Medical Systems, 32(6), 481-488.
https://doi.org/10.1007/s10916-008-9154-8

[24] Janaki, S., & Geetha, K. (2019). Enhanced CAE system
for detection of exudates and diagnosis of diabetic retinopathy
stages in fundus retinal images using soft computing
techniques. Polish Journal Of Medical Physics

Int. j. inf. technol. electr. eng.

31


https://doi.org/10.1016/j.cviu.2019.04.011
https://doi.org/10.1118/1.4955912
https://doi.org/10.1016/j.neucom.2016.08.031
https://doi.org/10.1145/3065386
https://doi.org/10.31926/but.ens.2020.13.62.1.4
https://doi.org/10.24247/ijmperdjun201877
https://doi.org/10.1016/j.patcog.2016.01.007
https://doi.org/10.3389/fnins.2019.00095
https://doi.org/10.1016/j.patcog.2017.05.025
https://doi.org/10.5201/ipol.2013.16
https://doi.org/10.1109/tlt.2019.2897997
https://doi.org/10.1145/3065386
https://doi.org/10.1109/tmi.2016.2535302
https://doi.org/10.1109/tmi.2016.2528162
https://doi.org/10.1016/j.patrec.2017.11.005
https://doi.org/10.1111/j.1755-3768.2017.01374
https://doi.org/10.1007/s11517-015-1278-7
https://doi.org/10.1145/3065386
https://doi.org/10.1111/ceo.13056
https://doi.org/10.1016/j.measurement.2019.02.089
https://doi.org/10.1007/s10916-008-9154-8

April 2021

Volume 10, Issue 2 ITEE Journal ISSN: - 2306-708X

Information Technology & Electrical Engineering

©2012-21International Journal of Information Technology and Electrical Engineering

AndEngineering, 25(2),131-139.
https://doi.org/10.2478/pjmpe-2019-0018

[25] Alaguselvi, R., & Murugan, K. (2020). Performance
analysis of automated lesion detection of diabetic retinopathy
using morphological operation. Signal, Image And Video
Processing. https://doi.org/10.1007/s11760-020-01798-x

[26] Schattner, A. (2012). Comment on: Jeon et al.
Helicobacter pylori Infection Is Associated With an Increased
Rate  of Diabetes. Diabetes Care  2012;35:520-
525. DiabetesCare, 35(7),e55-e55.
https://doi.org/10.2337/dc12-0321

AUTHOR PROFILES

Mr. Dileep kumar Agarwal received the degree in computer
science from rajasthan university Jaipur, in 2007. He is a
research student of sobhasaria group of institutions. Currently,
he is an Assistant Professor at Bhartiya institute of engineering
& technology, sikar.

ITEE, 10 (2), pp. 25-32, APR 2021 Int. j. inf. technol. electr. eng.

32


https://doi.org/10.2478/pjmpe-2019-0018
https://doi.org/10.1007/s11760-020-01798-x

