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Abstract 
 
Diabetic Retinopathy (DR), a major diabetes-related complication affecting 

the eyes of diabetic patients with prolonged uncontrolled diabetes. Retinal 

fundus image analysis by an Ophthalmologists the initial screening method 
in determining the stage of Diabetic retinopathy condition. Deep learning 

models are better in performing classification tasks on medical images for 

disease diagnosis. Fine-tuning of popular Convolutional Network (CNN) 
with pre-trained weights is the most preferable technique to speed up the 

learning capability of the model. The proposed effort fine-tunes the popular 

InceptionV3 CNN architecture with pre-trained weights obtained during the 

training process with the Imagenet database, for detecting the presence and 
severity of DR in binary class classification tasks. The proposed approach 

and the chosen architecture reduce the model's training time and increases 

classification accuracy with higher sensitivity and specificity. It helps the 
ophthalmologist and eases the diagnosis task. 
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1 Introduction 
 
            Diabetes is one of the challenging health issues that occur when your 

blood sugar is too high but the body cannot produce enough of the hormone 

insulin. In worldwide 463 million people are having diabetes in 2019, 
International Diabetes Federation is projected that the count will reach 578 

million, by 2030, and 700 million by 2045[1-4]. People with uncontrolled 

diabetes are more likely affected by a list of eye-related problems such as 
diabetic retinopathy, cataracts, diabetic macular edema, and glaucoma. DR is 

common challenging eye diseases which are caused by who have more than 

20 years in diabetes. As DR early prediction and treatment planning to 

prevent eye vision loss. The DR has two major categories:  Proliferative 
Diabetic Retinopathy (PDR) and Non Proliferative Diabetic Retinopathy 

(NPDR).In the early-stage DR is called NPDR, this stage will weaken or 

bulge the retinal blood vessels or it may leak into the retina [5-10]. The 
deadliest stage of DR is called proliferative DR (PDR), this stage unwanted 

blood vessels are newly growth in the eye and also Blood leakage presented 

in the part of retina. 
The authors Hongyang Jiang et al (2019) [11] proposed a DR recognition 

system using a group of established deep learning models such as Resnet152, 

Inception V3, and Inception- Resnet-V2. This DR detection method uses 

three main techniques as follows: (i) image augmentation module that 
contains eight categories of transformations. (ii)  Adaboost algorithm using 

integrated of several deep learning models reduces the bias of every single 

model (iii) Integrated model activated based on class activation map (CAM). 
Feng Li et al (2019) [12] proposed a fine tuned deep transfer learning 

approach that uses the Inception-v3 architecture for automatic detection of 

DR in retinal fundus images. It achieves a higher value of accuracy, 

sensitivity as well as specificity for the classification of DR images. 
Dongguan Lu et al (2019) [13] presented a new framework for multiclass 

fluid segmentation based on Fine-tuned transfer learning techniques, 

detection in the retinal optical coherence tomography (OCT) images. 
Segmentation is done by a graph-cut algorithm based on the intensity and 

layer structure of OCT images, a fully convolutional neural network was 

trained for recognizing and labeling the pixels present in the fluid region. 
Random forest classification was chosen to   perform the classification task 

on the segmented fluid regions to discover and reject the falsely labelled 

fluid regions.  

Wei Zhang et al (2019) [14] proposed a Deep Neural Network-based 
automated Diabetic retinopathy identification and grading model. This deep 

learning method directly analysis the given fundus images and identify the 

absence or presence the harshness of DR via ensemble learning and transfer 
learning methods. 

This paper projected an Inception V3 fine-tuned deep transfer learning 

model for DR recognition based on IDRiD retinal fundus images. In this 
paper Section II discusses the details about the data preparation and pre-

processing  



 
 

 

 

 

Efficient Analysis of Diabetic Retinopathy on Retinal Fundus Images using Deep 

Learning Techniques with Inception V3 Architecture 9617 

 
module, section III briefs the implementation of the proposed InceptionV3 

architecture, section IV depends on Transfer learning results and analysis, 

and the conclusion on the final. 
 

2 Material andMethods 
 

The materials/terms used for this experimentation are defined for the 

sake of increasing the readability for proposed framework with clarity. 

Moreover, the rationale behind the classifiers and their demonstration models 
are discussed in this section. 

 

2.1 Data Preparation andDescription  
 

The data used for developing the model was obtained from Indian 

Diabetic Retinopathy Image Dataset (IDRiD) [21]. Hence the analysis and 

identification of Diabetic Retinopathy are more suitable for the Indian 
population. This data contains the indication on the disease severity of 

diabetic macular edema and diabetic retinopathy along with good resolution 

retinal fundus pictures taken by Fundus Cameras. The data was released for 
the "IEEE International Symposium on Biomedical Imaging (ISBI) 2018 

Challenge 2". 

The dataset covers 516 retinal fundus images, out of which 412 images 

are allotted for training the model and 104 images for validating it. These 
images are labeled by an experienced pathologist according to a scale from 0 

to 4 associated with, „Moderate‟,  „Mild‟, „Severe ‟ , „Proliferative DR‟and 

„No_DR‟ correspondingly as the class labels for the image. We consider our 
experiment according to binary classification task disease grading level 

represented by label 0 (No DR) and 1(DR).Table1 provides Experimental 

Image dataset for binary class. 
 

Table1 Experimental Image dataset for binary class. 

 
 

 

 

 

 

 

 

 

 

2.1 CLAHE (Contrast Limited Adaptive Histogram Equalization) 

 
CLAHE process is used for improving the local contrast of the input 

retinal image. As a result, the visibility of the diabetic retinopathy 

identification signs like retinal blood vessels, microaneurysms, hemorrhages, 

S. 

No 

Diabetic Retinopathy 

Types 

Instances 

Count  

Class Description of Diabetic 

Retinopathy (DR) 

1 No_DR 168 DR not present 

2 Diabetic Retinopathy  348 DR present 
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and exudates was improved and clearer to decide on the pre-processed 

images [15-16].  Figure 1 shows CLAHE Retinal Image. 

 
Figure 1CLAHE Retinal Image 

 

3 Deep Transfer Learning Based On Inceptionv3 

  
 Transfer learning is a new classification platform to perform Medical 

image disease identification and severity analysis. This method reduces the 

required training time and produces better prediction accuracy in network 
performance. We selected the Inception V3 network; it's pre-trained weights 

presented from image net database that contains more than one million 

images. The pre-trained network can categorize images into 1000 classes and 
each class representing a particular object. Inception V3 architecture 

consisting of five layers for performing convolution, one average pooling 

layer, two max-pooling layers, one fully related (FC) layer, and 11 inception 
modules which formed an image-wise classification. 

we transferred pre-trained weights from the inception v3 network and 

further Fine-tuning process involves the following steps, (i) unfreezing the 

last two layers in the Inception V3 network (ii) adding 2 more FC layers to 
convert the existing Inception v3 model for diabetic retinopathy application. 

1000 output classes of the Conventional inception v3 model were reduced to 

binary classes representing DR stages due to the fine-tuning process. 
Whereas trained weights before the last 2 layers are unchanged.  

The tuning process increases the performance accuracy and ROC values 

for the transfer learning network. The flow chart describes the working flow 

of the inception V3 fine-tuning model shown in Fig 2. Tunning process We 
add first Dense layer with Relu activation function and Drop out 0.5 and final 

fully connected dense layer with SoftMax activation function used to 

perform the model. 
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Figure 2 Fine-Tuned Inception V3 Architecture For Diabetic Retinopathy Detection 
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4 Result andDiscussions 
 

The fine-tuned Inception V3 architecture very efficient for disease 

identification based on retinal images. The proposed network is trained and 
tested done by Google Colab. The proposed model input image size 

299x299(default size of Inception V3), batch size=32, number of classes=2 

and epoch =10. This model uses 80%samples for training and 20% samples 

for testing purpose and for training process Adam optimizer is selected, 
binary cross-entropy loss function is used for improving accuracy level. 

Table 2 describes the final Inception V3 Deep transfer learning running the 

output of 10 iterations. 
Table 2Experimental Results Of Inception V3 Fine-Tuned Model For 10 

Epochs 
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Figure 3 Training Accuracy Vs Test Accuracy (Inception V3 Fine-Tuned 

Model) 
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Epoch 
Training 

Loss 

Training 

Accuracy (%) 
Test Loss 

Test 

Accuracy 

(%) 

1 0.6666   0.6500 0.6462 0.6562 

2 0.6158  0.6789 0.5784 0.6458 

3 0.5675  0.6763 0.5272 0.6354 

4 0.5158  0.7395 0.4565 0.8438 

5 0.4989  0.7737 0.4465 0.7812 

6 0.4480  0.8026 0.4043 0.7917 

7 0.4661  0.8053 0.3782 0.8333 

8 0.4425  0.8184 0.4538 0.7812 

9 0.4350   0.7974 0.5427 0.7188 

10 0.4286  0.8105 0.3937 0.8229 
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We observe that the inception V3 network obtained maximum 

test accuracy of 84.38% in 4 Epoch and 82.29% in 10 epoch. Training 

maximum accuracy of 81.84% in 8 epoch and 81.05% in 10 epoch. The 
model produces optimum accuracy during training and testing at 10

th
 

Epoch. Early stopping technique is used to avoid over-fitting since the 

model produces higher accuracy during training for epochs>10 and 

induces a large difference between the training and test accuracy. ROC 
Curve of the projected Inception V3 Model in DR Classification is 

shown in Figure 5 and the area under ROC is 0.77, which indicates the 

goodness of the classifier.Figure 3 shows Training Accuracy Vs Test 
Accuracy (Inception V3 Fine-Tuned Model).Figure 4 shows Training 

Loss Vs Test Loss (VGG19 Fine-Tuned Model) 

 

 
 

Figure 4 Training Loss Vs Test Loss (VGG19 Fine-Tuned Model) 

 
Analysis of the loss parameter is an important process to increase the 

efficiency of the Deep transfer learning network. We observe that the 

inception V3 network obtained training and test loss 0.4286 and0.3937 in 

10epoch. Increasing the iteration of the network the loss function will be 
reduced. 
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Figure 5 Roc Curve ofthe Proposed Inception V3 Model in Dr Classification 

 

4.1 Statistical Analysis of Performance 
 

To evaluate the performance of our model in binary class classification 
tasks we use metrics like accuracy, sensitivity, specificity, True Positive (TP) 

Rate, False Positive (FP) Rate and True Positive (TP) represents correctly 

predicted instances [17-20]. 
o FP represents incorrectly predicted disease instances. 

o TN represents correctly predicted no-disease instances. 

o FN represents incorrectly predicted no-disease instances 

i. Sensitivity is defined as the algorithm‟s ability to detect the disease 
correctly and represented as, 

Sensitivity = TP /(TP + FN) 

ii. Specificity denotes the algorithm‟s ability to detect the disease correctly.  
Specificity = TN / (TN + FP) 

iii. Accuracy is the ratio of the number of correct predictions to the total 

number of input samples and denoted as, 
Accuracy = TP + TN / (TP + FN + TN + FP)  

 

5 Conclusion 
 

Transfer learning technology presented pre-trained weighted from 

image net data net because of training and validation of other datasets 

processing time is very less. Inception V3 network performs an 

efficient way to analyze and predict diseases like diabetic retinopathy 

based on fined tuned transfer learning methods. The test performance 

obtained maximum accuracy found to be 84.32% in 4 epochs and 

82.29% in 10 epochs.  
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