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Deep Learning Based Models for Detection of Diabetic Retinopathy 

İsmail Akgül*, Ömer Çağrı Yavuz, Uğur Yavuz 

Abstract: Diabetic retinopathy (DR) is an important disease that occurs because of damage to the retinal blood vessels in the human eye due to diabetes and causes blindness. 
If diagnosed correctly, the treatments to be applied increase the possibility of preventing vision loss or blindness. This study aims to present an evaluation of deep learning methods 
to detect diabetic retinopathy from retinal images. In this direction, the VGG16 model was considered, and two different versions of this model were obtained by making 
improvements. Besides, a model has been proposed, the first layers are dense, the next layers have decreasing convolution, and have fewer layers. According to the results, the 
VGG16 model, which reached 75.48% accuracy, reached 76.57% accuracy due to the dropout layer added to the classification layers, and 77.11% accuracy due to the dropout 
layer added to all blocks. The highest accuracy was obtained in the proposed model with 81.74%. 
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1 INTRODUCTION 

Diabetic retinopathy (DR) is a diabetic disease in which 
the retinal blood vessels of the human eye are damaged, 
causing blindness [1]. Diabetic retinopathy, the most 
common diabetic eye disease in the world, is the leading 
cause of blindness [2]. Defining the DR stage, which is 
considered one of the most dangerous complications of 
diabetes, is a complex task and needs to be interpreted by 
experts. If left untreated, it can cause permanent blindness 
[3]. Assessment of the severity and extent of retinopathy is 
currently performed by medical professionals based on 
fundus retinal images of the patient's eyes [4]. 

Diabetes is a serious and long-term condition that has a 
major impact on the lives of people around the world. The 
prevalence of diabetes, which was estimated to be 463 
million people in 2019, is estimated to increase to 578 million 
in 2030 and to 700 million in 2045 [5]. DR is a preventable 
eye disease, and its early symptoms can be detected by the 
specialist either by visual observation of the retina or by 
automatic examination mode. DR affects the person's vision, 
if not detected and treated, it may not be noticed until the 
disease progresses and can lead to blindness [6]. The best 
treatment options that should be applied to patients differ 
according to the stages of the disease. For patients without 
DR or mild DR, only regular screening is required, while for 
patients with moderate or worse DR, treatment options range 
from diffuse laser therapy to vitrectomy. Therefore, it is 
important to degree DR severity in the first degree to provide 
patients with appropriate treatment [7]. Early detection of DR 
formation can be very helpful for clinical treatment. 
Although several different feature extraction approaches 
have been proposed for this, the classification task for retinal 
images does not yet provide adequate assistance to clinical 
treatments. Recently, deep convolutional neural networks 
have shown superior performance in image classification 
compared to previous handcrafted feature-based image 
classification methods [8]. 

The term deep learning or deep neural network refers to 
multi-layer Artificial Neural Networks (ANN). This term has 
been recognized as one of the most powerful tools in the last 

few decades and has become very popular in the literature as 
it can handle large amounts of data. The interest in having 
deeper hidden layers has recently begun to surpass classical 
method performance in different fields. One of the most 
popular deep neural networks is Convolutional Neural 
Network (CNN) [9]. Deep learning allows computational 
models consisting of multiple processing layers to learn 
representations of data with multiple levels of abstraction. 
These methods have significantly improved cutting-edge 
technology in many fields such as speech recognition, visual 
object recognition, object detection, drug discovery, and 
genomics. Deep learning explores complexity in large 
datasets by using the backpropagation algorithm to specify 
how a machine should change its internal parameters used to 
calculate the representation in each layer from the 
representation in the previous layer. While deep 
convolutional networks have revolutionized the processing 
of images, videos, speech, and audio, recursive networks 
have shed light on sequential data such as text and speech 
[10]. 

Supervised techniques, in which training data are used to 
develop a system, have become increasingly popular in 
medical image analysis. Applications of deep learning to 
medical image analysis have been increasing rapidly in 
recent years. Although it has been applied in many areas, it 
is still not fully represented in the most important areas such 
as retinal image [11]. Automatic grading of diabetic 
retinopathy has potential benefits such as increasing 
efficiency, reproducibility, and coverage of screening 
programs, reducing barriers to access, and improving patient 
outcomes by providing early detection and treatment [12]. 
Automated techniques to be applied for the diagnosis of 
diabetic retinopathy are very important to solve these 
problems. In general, deep learning achieves high validation 
accuracies for binary classification, while multistage 
classification results are less impressive, especially for early-
stage disease [13]. Deep learning, a new branch of machine 
learning technology under the broad term artificial 
intelligence, has significant potential for healthcare. It allows 
us to determine which patients are most likely to have a 
certain disease among those with certain disorders, which 
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patients should be treated more severely, and the most 
appropriate specific treatments to be applied to patients [14]. 

Due to uncontrolled blood sugar levels in diabetics, there 
is a lack of blood flow and oxygen in the retina. If not 
detected early, when the tension in the blood vessels 
increases, it can cause fluid leakage in the blood vessels and 
loss of proper vision in the eye [15]. Patients who are usually 
asymptotic in their early stages show different symptoms 
because of disease progression. Symptoms can include 
blurred vision, blind spots, distorted central vision, large 
floaters, and sometimes sudden vision loss. Therefore, it is 
important to accurately detect the disease in its early stages 
and determine at what stage it is to reduce the complications 
of the disease and the possibility of vision loss [16]. Although 
there are enough treatment procedures to cope with DR 
disease that occurs in people with diabetes for a long time, 
neglect, and failure of early diagnosis cause people's 
eyesight. Recent advances in digital image processing and 
machine learning are used in the detection of DR [17]. 
Computer-aided diagnostic systems significantly reduce the 
burden on ophthalmologists [18]. 

Diabetic retinopathy due to diabetes is an eye disease that 
can damage blood vessels and lead to blindness. Physicians 
have a great job because it is a difficult, laborious, and 
demanding task to detect this disease. Every day, as in many 
other fields, pre-diagnosis systems are developed to help 
physicians to detect the symptoms of the disease in this field. 
For this purpose, in this study, the VGG16 model, which is 
one of the deep learning methods, and two different modified 
versions of this model were used, and a new model was 
proposed, to detect diabetic retinopathy. A new dataset, Asia 
Pacific Tele-Ophthalmology Society (APTOS) 2019 
Blindness Detection dataset, published in mid-2019, was 
used to test the performance of the models. The current work 
aims to contribute to the increasing knowledge about the use 
of deep learning methods in diabetic retinopathy by 
characterizing the detection performance of diabetic 
retinopathy, which can cause blindness, with deep learning 
methods. 

The remainder of the study is structured as follows. In 
Section 2, relevant studies are given. In Section 3, the 
materials and methods used in deep learning are explained. 
In Section 4, the experimental results are discussed, and in 
Section 5, the results of the study are presented. 

2 RELATED WORKS 

In studies carried out by increasing data on the APTOS 
2019 Blindness Detection dataset or approaching it with 
different classification and different image sizing: 

Khalifa et al. (2019) conducted training by applying the 
data augmentation technique in the APTOS 2019 Blindness 
Detection dataset with AlexNet, Res-Net18, SqueezeNet, 
GoogleNet, VGG16, and VGG19 deep transfer models. The 
highest performance was achieved with the AlexNet model, 
which has the least number of layers among the models used 
in the study, at a rate of 97.9%. In another study using the 
data augmentation technique, Chaturvedi et al. (2020) [19] 
made changes to the pre-trained DenseNet121 network and 

trained on the APTOS 2019 Blindness Detection dataset and 
obtained 96.51% accuracy. 

Tymchenko et al. (2020) proposed a deep learning-based 
method for detecting DR from human retinal images with a 
multi-stage transfer learning approach. EfficientNet-B4, 
EfficientNet-B5, and SE-ResNeXt50 convolutional neural 
network models achieved 99% success in binary 
classification results with DR/no DR. Similarly, Narayanan 
et al. (2019) [20] examined the results provided by deep 
neural networks for the detection of two-class DR as well as 
different diseases. In their studies with GoogleNet and 
ResNet models, they reached 97.3% and 96.2% binary 
classification accuracy, respectively. Chetoui and Akhloufi 
(2020) proposed a deep learning architecture based on 
EfficientNet convolutional neural network to detect DR. As 
a result of the tests, they applied for the detection of 
transferable DR and sight-threatening DR on the APTOS 
2019 Blindness Detection dataset, they achieved a 
classification rate of 96.60% and 99.80%, respectively. 

Kassani et al. (2019) [21] presented a new feature 
extraction method for the diagnosis of DR disease, based on 
deep layer clustering, which combines multilevel features 
from different convolution layers of a modified Xception 
architecture. They evaluated the performance of their 
proposed approach with four deep feature extractors, 
including Inception V3, MobileNet, ResNet50, and the 
original Xception architecture. As a result of the experiments, 
they carried out on the images they sized as 600x600 pixels, 
different from the ones in our study, they determined that the 
model they proposed achieved higher success than the other 
models they used in their studies. They revealed that the 
modified Xception deep feature extractor improves DR 
classification with a classification accuracy of 79.59% versus 
83.09% compared to the original Xception architecture. 

Like our study, in studies that preprocess the APTOS 
2019 Blindness Detection dataset and classify the dataset in 
the same way: 

Dekhil et al. (2019) [22] presented a convolutional neural 
network-based computer-assisted diagnostic tool to classify 
diabetic retinopathy into one of five stages. They have 
reached a test accuracy of 77% with the alternative solution 
they offer so that ophthalmologists can automatically detect 
the disease. Bodapati et al. (2020) [23] blended by extracting 
features from retinal images with pre-trained VGG16-fc1, 
VGG16-fc2, and Xception models to detect DR. They 
conducted two studies by considering the dataset with both 
two classes and five classes. They achieved 80.96% success 
with the DNN model they trained to detect one of the five 
classes using representative blended features. Zhuang and 
Ettehadi (2020) [24] developed solutions for the DR 
classification problem. They used transfer learning to retrain 
the last modified layer of a very deep neural network, such as 
Efficientnet-B3 to improve the generalization of less frequent 
class’s ability of their shallow neural network model. As a 
result of their training, they achieved the best test accuracy 
of 77.87%. 

Dondeti et al. (2020) [25] created a NASNet model to 
automatically predict the severity level of DR based on 
retinal images of diabetics. Focusing on extracting suitable 
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features from retinal images, they stated that performance 
improves when projecting into t-SNE (T-distributed 
stochastic neighbor embedding) space to obtain lower-
dimensional representations from the deep features extracted 
from the NASNet model. In their experiments on the APTOS 
2019 Blindness Detection dataset, they emphasized that the 
proposed model became more powerful with the robustness 
of the SVM (Support Vector Machine) models. They 
observed that deep features transformed using T-SNE 
provided more distinctive representations of retinal images 
and helped to achieve 77.90% accuracy. 

3 EXPERIMENTAL METHOD 
3.1 Dataset 

In this study, Asia Pacific Tele-Ophthalmology Society 
(APTOS) Blindness Detection dataset published in mid-2019 
was used. The dataset containing 3662 images consists of 5 
classes No DR, Mild DR, Moderate DR, Severe DR, and 
Proliferate DR. There are 1805 images in the No DR class, 
370 in the Mild DR class, 999 in the Moderate DR class, 193 
in the Severe DR class, and 295 in the Proliferate DR class 
[26]. 

Each image in the dataset consisting of five classes was 
labeled and grouped under the class it belongs to, and then 
converted to 224×224 pixel dimensions and grey format. In 
Fig. 1, sample images of each class in the APTOS 2019 
Blindness Detection dataset are given. 

Figure 1 Example images of each class in the APTOS 2019 Blindness Detection 
dataset 

3.2 Convolutional Neural Network (CNN) Model 

Convolutional Neural Networks (CNNs), a branch of 
deep learning, have an impressive track record for 
applications in image analysis and interpretation, including 
medical imaging [27]. Among the deep learning algorithms, 
especially convolutional networks have quickly become a 
preferred methodology for analysing medical images [11]. 

With the convolutional neural network method, which 
provides good success in deep learning, feature extraction 
and classification can be done well. There are many 
successful models such as AlexNet [28], VGGNet [29], 
GoogLeNet [30], and ResNet [31] developed using 
convolutional neural networks. The VGG16 model is one of 
these models.  

Table 1 Model architectures 
VGG16 - Original VGG16 - Modified Version 1 VGG16 - Modified Version 2 Proposed Model 

Input (224 × 224 × 1) 

Conv1 (3×3) – 64 
Conv2 (3×3) – 64 
MaxPool1 (2×2) 

Conv1 (3×3) – 64 
Conv2 (3×3) – 64 
MaxPool1 (2×2) 

Conv1 (3×3) – 64 
Conv2 (3×3) – 64 
MaxPool1 – (2×2) 

Dropout – 0.5 

Conv1 (3×3) – 32 
Conv2 (3×3) – 32 
Conv3 (5×5) – 32 
Conv4 (7×7) – 32 
AvgPool1 (5×5) 
Dropout – 0.5 

Conv3 (3×3) – 128 
Conv4 (3×3) – 128 

MaxPool2 (2×2) 

Conv3 (3×3) – 128 
Conv4 (3×3) – 128 

MaxPool2 (2×2) 

Conv3 (3×3) – 128 
Conv4 (3×3) – 128 

MaxPool2 (2×2) 
Dropout – 0.5 

Conv5 (5x5) – 64 
Conv6 (7x7) – 64 
AvgPool2 (5x5) 
Dropout – 0.5 

Conv5 (3×3) – 256 
Conv6 (3×3) – 256 
Conv7 (3×3) – 256 

MaxPool3 (2×2) 

Conv5 (3×3) – 256 
Conv6 (3×3) – 256 
Conv7 (3×3) – 256 

MaxPool3 (2×2) 

Conv5 (3×3) – 256 
Conv6 (3×3) – 256 
Conv7 (3×3) – 256 

MaxPool3 (2×2) 
Dropout – 0.5 

Conv7 (7×7) – 128 
AvgPool3 (5×5) 
Dropout – 0.5 

Conv8 (3×3) – 512 
Conv9 (3×3) – 512 
Conv10 (3×3) – 512 

MaxPool4 (2×2) 

Conv8 (3×3) – 512 
Conv9 (3×3) – 512 
Conv10 (3×3) – 512 

MaxPool4 (2×2) 

Conv8 (3×3) – 512 
Conv9 (3×3) – 512 
Conv10 (3×3) – 512 

MaxPool4 (2×2) 
Dropout – 0.5 

Conv11 (3×3) – 512 
Conv12 (3×3) – 512 
Conv13 (3×3) – 512 

MaxPool5 (2×2) 

Conv11 (3×3) – 512 
Conv12 (3×3) – 512 
Conv13 (3×3) – 512 

MaxPool5 (2×2) 

Conv11 (3×3) – 512 
Conv12 (3×3) – 512 
Conv13 (3×3) – 512 

MaxPool5 (2×2) 
Dropout – 0.5 

Flatten – 25088 Flatten – 25088 Flatten – 25088 Flatten – 128 

FC1 – 4096 FC1 – 4096 
Dropout – 0.5 

FC1 – 4096 
Dropout – 0.5 FC1 – 32 

Dropout – 0.5 FC2 – 4096 FC2 – 4096 
Dropout – 0.5 

FC2 – 4096 
Dropout – 0.5 

Output-5 (Softmax) 
134.279.877 params 743.269 params 
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The VGG16 model has an architecture consisting of 13 
convolutional and 3 fully connected layers. The model has a 
total of 41 layers with Maxpooling, Fullconnected, ReLu, 
Dropout, and Softmax layers [29]. In our study, two different 
modified versions of the VGG16 model with the original 
were used and a new model was proposed. In Tab. 1, VGG16 
original, VGG16 modified the first version, VGG16 
modified the second version, and proposed model 
architectures are given. In Fig. 2, the block diagram of the 
proposed research is shown. 

Figure 2 Block diagram of the proposed research 

In Tab. 1, VGG16 modified version 1 was created by 
adding 0.5 dropout to the classification layers and VGG16 
modified version 2 architectures were created by adding 0.5 
dropout to all blocks of the VGG16 original architecture. In 
addition, a new model is proposed. Contrary to the VGG16 
model, the proposed model is both a smaller model and has a 
denser convolution layer in the first layers and a decreasing 
convolution layer structure in the next layers. The proposed 
model contains fewer layers and fewer parameters than the 
VGG16 model. Besides, while maximum pooling is used in 
VGG16 architecture, average pooling is used in the proposed 
model. All models used in the study have a softmax layer 
with 5 classes in the output layer. 

4 RESULTS AND DISCUSSION 

Applied experiments for the detection of diabetic 
retinopathy with the models discussed in the study. It was 
made using the Python language with Jupyter Notebook in 
Google Colaboratory (CoLab). 

The dataset is divided into three as 80% training, 10% 
validation, and 10% testing. There are 2928 images in the 
training set and 367 images in each of the validation and test 
sets. The parameters used during the training of VGG16 
original, VGG16 modified version 1, VGG16 modified 
version 2 and the proposed model are given in Tab. 2. 

Table 2 Model training parameters 
Parameter Value 

Epoch 150 
Mini Batch Size 16 
Dropout 0,5 
Activation Function ReLu 
Optimization Algorithm Adamax 

The training of the 4 models used in the study was 
repeated 5 times and the best accuracy and loss graph 
obtained for each model because of the training is given in 
Fig. 3. When the figure is examined, it is seen that the training 

of the VGG16 original, VGG16 modified version 1 and 
VGG16 modified version 2 models are close to each other, 
and these three models initially started learning with a 49% 
training and validation rate. It is seen that learning takes place 
by reaching a rate of just over 70% of training and validation 
success until the first 30 iterations, and they reach a 
validation success of 70%-76% until 150 iterations. Like 
each other, these three models started training with a 
validation loss rate of 1,300 and showed a decrease in the loss 
rate in the first 30 iterations, and an increase in the loss rate 
because of the non-learning after 30 iterations. It is seen that 
the proposed model in the figure starts learning with 49% 
training and 65% validation rate, training and validation 
continues successfully until the 100th iteration, and learning 
continues after the 100th iteration, reaching 81.74% success 
accuracy because of 150 iterations. It is understood that 
learning takes place at every stage of the training of the 
proposed model. In addition, it is seen that the model, which 
started training with a validation loss rate of 1.018, reached a 
validation loss rate of 0.658 at the end of 150 iterations. 

  (a) 

  (b) 

  (c) 

     (d) 
Figure 3 Accuracy and loss plots of the models: (a) VGG16 original, VGG16 

modified version 1, (c) VGG16 modified version 2, (d) proposed model 

Input 

Classification 
VGG16 Original 

VGG16 Modified v1 
VGG16 Modified v2 

Proposed Model 

Output 
No DR 

Mild DR 
Moderate DR 

Severe DR 
Proliferate DR 
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Table 3 Accuracy and loss rate 
Model Accuracy (%) Loss 

Training Validation Test Training Validation Test 
VGG16 
Original 98,91 73,84 75,48 0,012 2,465 2,696 

VGG16 
Modified 
Version 1 

98,98 72,21 76,57 0,012 2,309 2,210 

VGG16 
Modified 
Version 2 

98,67 76,29 77,11 0,026 1,558 1,793 

Proposed 
Model 87,19 79,56 81,74 0,325 0,658 0,724 

 
The results of the accuracy and loss rates obtained 

because of training the four models are given in Tab. 3. When 
the table is examined, it is seen that the success accuracy of 
the VGG16 original model is 75.47%, the VGG16 modified 
version 1 model which is obtained as a result of adding a 0.5 
dropout layer to the classification layers of the VGG16 model 
is 76.57% and the VGG16 modified version 2 model which 
is obtained as a result of adding 0.5 dropout layer to all blocks 
of the VGG16 model is 77.11% on 367 images in the test 
dataset that are not included in the training. In parallel with 
the increase in test performance, the loss rates obtained in the 
test dataset have also decreased. The increase in the accuracy 

rate and the decrease in the loss rate is because of the dropout 
layer. In addition, it is seen that the proposed model has a 0.5 
dropout layer in all blocks and has more convolution in the 
first blocks and less convolution in the next blocks, reaching 
a high accuracy of 81.74%. In the proposed model, unlike the 
VGG16 model, the use of more convolutions in the first 
blocks significantly increased the learning success in this 
dataset consisting of few and disproportionate data.  

The confusion matrix obtained from the test dataset 
consists of a total of 367 images created by taking 181, 37, 
100, 19, and 30 images from the No DR, Mild DR, Moderate 
DR, Severe DR, and Proliferative DR classes respectively, is 
given in Fig. 4. When the figure is examined, it is seen that 
the highest performance in all four models is in the No DR 
and Moderate DR classes respectively, the lowest 
performance is in the Proliferative DR class in the VGG 
models used in the study and in the Severe DR class in the 
proposed model. It is noteworthy that in all four models, 
Severe DR and Proliferative DR classes are confused at most 
with the class Moderate DR images. Example images where 
Severe DR and Proliferative DR classes are confused with 
Moderate DR classes are given in Fig. 5. The fact that there 
are few images in the Severe DR class is seen as one of the 
obvious reasons for this situation. 

 

      
                                                                                      (a)                                                                                                              (b) 

      
                                                                                      (c)                                                                                                               (d) 

Figure 4 Confusion matrix of the models: (a) VGG16 original, VGG16 modified version 1, (c) VGG16 modified version 2, (d) proposed model
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Figure 5 Example images where the Severe DR and Proliferative DR classes are 

confused with the Moderate DR class 
 

It would be beneficial to apply the proposed method, 
which is used in the detection of diabetic retinopathy with 
successful results, in areas such as Covid-19 detection and 
diagnosis [32, 33], fault diagnosis of electric impact drills 
[34], thermographic fault diagnosis of the shaft of a BLDC 
(Brushless Direct Current Electric) engine [35], and detection 
and classification of weapon types [36]. 
 
5 CONCLUSIONS 
 

In this study, diabetic retinopathy disease was 
determined besides two different versions of the VGG16 
model modified with the original, by making a new model 
proposed. To reveal the effect of the dropout layer, an 
alternative model was created by first adding the dropout 
layer to the classification layers of the original VGG16 
model, and then another alternative model was created by 
adding the dropout layer at the end of all blocks of the 
VGG16 model. APTOS 2019 Blindness Detection dataset 
consisting of 5 classes and 3662 images was used to test the 
performance of the four models obtained with the proposed 
model. 

According to the test results, the success rates of the 
VGG16 original, VGG16 modified version 1, VGG16 
modified version 2, and the proposed model was 75.48%, 
76.57%, 77.11%, and 81.74% respectively. An increase in 
test performance was observed with the effect of the dropout 
layer added to the VGG16 models. The highest classification 
success was achieved with the proposed model with an 
accuracy rate of 81.74%. This performance of the proposed 
model which is created with fewer layers is achieved by 
applying dense convolution in the first blocks and diluted 
convolution in the next blocks. 

It has been observed that deep learning methods which 
provide successful results in the classification of images give 
good results in classifying diabetic retinopathy by being 
developed according to the dataset and the amount of data. 
As a result of our research, no study with better results than 
this study was found in the classification of diabetic 
retinopathy on this dataset. In cases where the number of data 
is low and disproportionate in the classes in the dataset, when 
classifying with deep learning, it is important to achieve 
higher performance by using models with denser first layers 
and decreasing convolution layers in the next layers. As a 
result, the proposed method will increase the diagnostic 
performance of specialists in the detection of diabetic 

retinopathy, which occurs due to diabetes and can cause 
blindness. This study, which is thought to guide studies on 
similar datasets, is thought to be used on datasets with similar 
structures in different fields in future studies. In addition, our 
future studies will focus on the recognition of "No DR" 
images for diabetic retinopathy disease using different deep 
learning approaches. 
 
6 REFERENCES 
 
[1] Soomro, T. A., Afifi, A. J., Zheng, L., Soomro, S., Gao, J., 

Hellwich, O., & Paul, M. (2019). Deep learning models for 
retinal blood vessels segmentation: a review. IEEE Access, 7, 
71696-71717. https://doi.org/10.1109/access.2019.2920616 

[2] Khalifa, N. E. M., Loey, M., Taha, M. H. N., & Mohamed, H. 
N. E. T. (2019). Deep transfer learning models for medical 
diabetic retinopathy detection. Acta Informatica Medica, 27(5), 
327. https://doi.org/10.5455/aim.2019.27.327-332 

[3] Tymchenko, B., Marchenko, P., & Spodarets, D. (2020). Deep 
learning approach to diabetic retinopathy detection. arXiv 
preprint arXiv:2003.02261.  
https://doi.org/10.48550/arXiv.2003.02261 

[4] Chetoui, M. & Akhloufi, M. A. (2020). Explainable diabetic 
retinopathy using EfficientNET. In The 42nd Annual 
International Conference of the IEEE engineering in Medicine 
& Biology Society (EMBC), 1966-1969.  
https://doi.org/10.1109/embc44109.2020.9175664 

[5] Saeedi, P., Petersohn, I., Salpea, P., Malanda, B., Karuranga, 
S., Unwin, N., ... & IDF Diabetes Atlas Committee. (2019). 
Global and regional diabetes prevalence estimates for 2019 and 
projections for 2030 and 2045: Results from the International 
Diabetes Federation Diabetes Atlas. Diabetes research and 
clinical practice, 157, 107843.  
https://doi.org/10.1016/j.diabres.2019.107843 

[6] Ammal, M. A., & Gladis, D. (2021). Texture Feature Analysis 
in Fundus Image in Screening Diabetic Retinopathy. Annals of 
the Romanian Society for Cell Biology, 2139-2149. 

[7] Gao, Z., Li, J., Guo, J., Chen, Y., Yi, Z., & Zhong, J. (2018). 
Diagnosis of diabetic retinopathy using deep neural 
networks. IEEE Access, 7, 3360-3370.  
https://doi.org/10.1109/access.2018.2888639 

[8] Xu, K., Feng, D., & Mi, H. (2017). Deep convolutional neural 
network-based early automated detection of diabetic 
retinopathy using fundus image. Molecules, 22(12), 2054.  
https://doi.org/10.3390/molecules22122054 

[9] Albawi, S., Mohammed, T. A., & Al-Zawi, S. (2017). 
Understanding of a convolutional neural network. In IEEE 
International Conference on Engineering and Technology 
(ICET), 1-6. https://doi.org/10.1109/ICEngTechnol.2017.8308186 

[10] LeCun, Y., Bengio, Y., & Hinton, G. (2015). Deep 
learning. nature, 521(7553), 436-444.  
https://doi.org/10.1038/nature14539 

[11] Litjens, G., Kooi, T., Bejnordi, B. E., Setio, A. A. A., Ciompi, 
F., Ghafoorian, M., ... & Sánchez, C. I. (2017). A survey on 
deep learning in medical image analysis. Medical image 
analysis, 42, 60-88. https://doi.org/10.1016/j.media.2017.07.005 

[12] Gulshan, V., Peng, L., Coram, M., Stumpe, M. C., Wu, D., 
Narayanaswamy, A., ... & Webster, D. R. (2016). Development 
and validation of a deep learning algorithm for detection of 
diabetic retinopathy in retinal fundus photographs. Jama, 
316(22), 2402-2410. https://doi.org/10.1001/jama.2016.17216 

[13] Lam, C., Yi, D., Guo, M., & Lindsey, T. (2018). Automated 
detection of diabetic retinopathy using deep learning. AMIA 
summits on translational science proceedings, 2018, 147. 



İsmail Akgül et al.: Deep Learning Based Models for Detection of Diabetic Retinopathy 

TEHNIČKI GLASNIK 17, 4(2023), 581-587                                           587 

[14] Wong, T. Y. & Bressler, N. M. (2016). Artificial intelligence 
with deep learning technology looks into diabetic retinopathy 
screening. Jama, 316(22), 2366-2367.  
https://doi.org/10.1001/jama.2016.17563 

[15] Sridhar, S. & Sanagavarapu, S. (2020, September). Detection 
and prognosis evaluation of diabetic retinopathy using 
ensemble deep convolutional neural networks. In IEEE 
International Electronics Symposium (IES), 78-85.  
https://doi.org/10.1109/IES50839.2020.9231789 

[16] Shaban, M., Ogur, Z., Mahmoud, A., Switala, A., Shalaby, A., 
Abu Khalifeh, H., ... & El-Baz, A. S. (2020). A convolutional 
neural network for the screening and staging of diabetic 
retinopathy. Plos one, 15(6), e0233514.  
https://doi.org/10.1371/journal.pone.0233514 

[17] Sikder, N., Chowdhury, M. S., Arif, A. S. M., & Nahid, A. A. 
(2019, December). Early blindness detection based on retinal 
images using ensemble learning. In The 22nd IEEE 
International Conference on Computer and Information 
Technology (ICCIT), 1-6. 
https://doi.org/10.1109/ICCIT48885.2019.9038439 

[18] Mookiah, M. R. K., Acharya, U. R., Chua, C. K., Lim, C. M., 
Ng, E. Y. K., & Laude, A. (2013). Computer-aided diagnosis 
of diabetic retinopathy: A review. Computers in biology and 
medicine, 43(12), 2136-2155.  
https://doi.org/10.1016/j.compbiomed.2013.10.007 

[19] Chaturvedi, S. S., Gupta, K., Ninawe, V., & Prasad, P. S. 
(2020). Automated diabetic retinopathy grading using deep 
convolutional neural network. arXiv preprint arXiv: 
2004.06334. https://doi.org/10.48550/arXiv.2004.06334 

[20] Narayanan, B. N., De Silva, M. S., Hardie, R. C., Kueterman, 
N. K., & Ali, R. (2019). Understanding deep neural network 
predictions for medical imaging applications. arXiv preprint 
arXiv:1912.09621. https://doi.org/10.48550/arXiv.1912.09621 

[21] Kassani, S. H., Kassani, P. H., Khazaeinezhad, R., 
Wesolowski, M. J., Schneider, K. A., & Deters, R. (2019, 
December). Diabetic retinopathy classification using a 
modified xception architecture. In 2019 IEEE international 
symposium on signal processing and information technology 
(ISSPIT), 1-6. https://doi.org/10.1109/ISSPIT47144.2019.9001846 

[22] Dekhil, O., Naglah, A., Shaban, M., Ghazal, M., Taher, F., & 
Elbaz, A. (2019, December). Deep learning based method for 
computer aided diagnosis of diabetic retinopathy. In IEEE 
International Conference on Imaging Systems and Techniques 
(IST), 1-4. https://doi.org/10.1109/IST48021.2019.9010333 

[23] Bodapati, J. D., Naralasetti, V., Shareef, S. N., Hakak, S., Bilal, 
M., Maddikunta, P. K. R., & Jo, O. (2020). Blended multi-
modal deep convnet features for diabetic retinopathy severity 
prediction. Electronics, 9(6), 914.  
https://doi.org/10.3390/electronics9060914 

[24] Zhuang, H. & Ettehadi, N. (2020). Classification of diabetic 
retinopathy via fundus photography: Utilization of deep 
learning approaches to speed up disease detection. arXiv 
preprint arXiv:2007.09478.  
https://doi.org/10.48550/arXiv.2007.09478 

[25] Dondeti, V., Bodapati, J. D., Shareef, S. N., & Veeranjaneyulu, 
N. (2020). Deep Convolution Features in Non-linear 
Embedding Space for Fundus Image Classification. Revue 
d'Intelligence Artificielle, 34(3), 307-313.  
https://doi.org/10.18280/ria.340308 

[26] APTOS 2019 blindness detection dataset. 
https://www.kaggle.com/c/aptos2019-blindness-detection/data 
(Accessed: February 10, 2021) 

[27] Pratt, H., Coenen, F., Broadbent, D. M., Harding, S. P., & 
Zheng, Y. (2016). Convolutional neural networks for diabetic 
retinopathy. Procedia computer science, 90, 200-205.  

https://doi.org/10.1016/j.procs.2016.07.014 
[28] Krizhevsky, A., Sutskever, I., & Hinton, G. E. (2012). 

Imagenet classification with deep convolutional neural 
networks. In: Advances in neural information processing 
systems, 1097-1105. 

[29] Simonyan, K. & Zisserman, A. (2014). Very deep 
convolutional networks for large-scale image recognition. 
arXiv preprint arXiv:1409.1556.  
https://doi.org/10.48550/arXiv.1409.1556 

[30] Szegedy, C., Liu, W., Jia, Y., Sermanet, P., Reed, S., Anguelov, 
D., ... & Rabinovich, A. (2015). Going deeper with 
convolutions. In Proceedings of the IEEE conference on 
computer vision and pattern recognition, 1-9.  
https://doi.org/10.1109/cvpr.2015.7298594 

[31] He, K., Zhang, X., Ren, S., & Sun, J. (2016). Deep residual 
learning for image recognition. In Proceedings of the IEEE 
conference on computer vision and pattern recognition, 770-
778. https://doi.org/10.1109/cvpr.2016.90 

[32] Irfan, M., Iftikhar, M. A., Yasin, S., Draz, U., Ali, T., Hussain, 
S., ... & Althobiani, F. (2021). Role of hybrid deep neural 
networks (HDNNs), computed tomography, and chest X-rays 
for the detection of COVID-19. International Journal of 
Environmental Research and Public Health, 18(6), 3056.  
https://doi.org/10.3390/ijerph18063056 

[33] Almalki, Y. E., Qayyum, A., Irfan, M., Haider, N., Glowacz, 
A., Alshehri, F. M., ... & Rahman, S. (2021, May). A novel 
method for COVID-19 diagnosis using artificial intelligence in 
chest X-ray images. Healthcare, 9(5), p. 522. Multidisciplinary 
Digital Publishing Institute. 

[34] Glowacz, A. (2021). Fault diagnosis of electric impact drills 
using thermal imaging. Measurement, 171, 108815. 
https://doi.org/10.1016/j.measurement.2020.108815 

[35] Glowacz, A. (2022). Thermographic fault diagnosis of shaft of 
BLDC motor. Sensors, 22(21), 8537.  
https://doi.org/10.3390/s22218537 

[36] Kaya, V., Tuncer, S., & Baran, A. (2021). Detection and 
classification of different weapon types using deep 
learning. Applied Sciences, 11(16), 7535.  
https://doi.org/10.3390/app11167535 

 
 
Authors’ contacts: 
 
İsmail Akgül, Assist. Prof.  
(Corresponding author) 
Department of Computer Engineering, 
Faculty of Engineering and Architecture, 
Erzincan Binali Yıldırım University, Erzincan, Turkey 
+904462240088; iakgul@erzincan.edu.tr 
 
Ömer Çağrı Yavuz, Research Assistant 
Management Information Systems, 
Faculty of Economics and Administrative Sciences, 
Karadeniz Technical University, Trabzon, Turkey  
omercagriyavuz@ktu.edu.tr 
 
Uğur Yavuz, Prof. 
Management Information Systems, 
Faculty of Economics and Administrative Sciences, 
Atatürk University, Erzurum, Turkey 
+904422312117; ugur@atauni.edu.tr 
 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


