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Abstract. In this paper, we propose a procedure for diagnosing diabetic retinopathy and 

detecting other suspected areas by using Convolution Neural Network (CNN). The paper is 

divided into two research areas: First is to identify and predict the highly suspicious region in 

the high-resolution suspicious patches using Deep-in-Net which can generate disease 

detection accurately. Second is four bounding boxes generated using machine learning 

technique by automatically reading maps that gives 80% of information of the eyes labelled 

by experienced ophthalmologist. This technique has good ability to seek attention mapping. 

The experiment has two datasets, EyePACS and Messidor. 

 

Keywords: Deep-in-Net, Retina, Microaneurysm, CNN, Hemorrhages 
 

 
 
1. Introduction 

Diabetes Mellitus is enduring and lasting disorder, that instigates excessive blood sugar levels. The 

accessible assessments confirm there are nearby 65.1 million population in India alongside diabetes 

and then this quantity will escalate to 125 million by 2035.[24].  

 

 
Figure 1. The Cross-Sectional image of a DR Affected Eye and Normal Eye.  

 

Illustrations of finding the suspicious region in the damaged tissues of the eyes helps the physicians in 

treating the patients. Figure 1 depicts the cross-sectional view of retina along with DR affected region 

of eye. The current study has the datasets of medical images with limited size to reduce expenses. 
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Thus, the algorithm is being developed that is based on the large datasets with weaker supervisions for 

parallel categorizing and identifying localized area. In the paper we have proposed a weakly 

supervised technique, Deep-in-Net using CNN. The technique is precise in categorizing and 

automatically detecting the bruises in the images. This technique can be used in identifying different 

problems categorically and providing the desired results for the physicians. To prove the accuracy of 

the technique we have used the Diabetic Retinopathy detection as it has larger datasets of the diabetes 

impacting the eye diseases. This disease has caused blindness at large in this developed world. There is 

diagnosis to slow down vision loss caused due to diabetes. However Diabetic Retinopathy (DR) 

devises no premature detection, and the treatment also time taking process that requires expert 

supervision to find the retinal damage in the image. Due to this it takes lot of time to provide effective 

treatment. Various efforts are made by bringing different analysis algorithms into light. Early 

techniques used the manual representation of the images which led to restrictive expressive power of 

the features. Nowadays the introduction of CNN has improvised the detection of DR. The paper 

proposed Deep-in-Net that has the mechanisms of high-level supervision of the image. In addition to 

this the proposed technique imitates the clinical behaviour of the DR images that finds the diseased 

area by zoom-in. The projected technique is validated using the datasets of Messidor and EyePACS 

[21]. 
 
2. The Construction of Deep-in-Net  
The anticipated framework Deep-in-Net trains after the DR detection, the technique however 

categories the imageries and localizes the wary and suspicious area. The situation imitates the 

technique of Zoom-in used by clinician to identify highly infected region in the high-resolution 

platform. As shown in the below Figure 2, it illustrates a Main Network (M-Net) for classifying of 

DR, along with sub-networks Attention Network (A-Net) and Crop Network (C-Net). A-Net generates 

attention mapping and Crop Network considers high resolution patches of high attention value [21]. 

The study is based on five level DR recognition mission, i.e., 0 represents No DR, 1 represents Minor 

DR, 2 represents Reasonable Diabetic Retinopathy, 3 represents Severe Diabetic Retinopathy and 4 

represents Proliferative Diabetic Retinopathy. 

 

 
 

Figure 2. An Overview of Deep-in-Net 
 
2.1. Main-Network (M-Net)  
M-Net is a Convolutional Neural Network, that selects input as the image, processes it by linear 

operation stacks, normalization and non-linear pooling, rectified linear sections. In the study 
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Inception-Resnet has been adopted for the architecture of M-Net. As shown in the Figure 1 the layers 

M ∈ R1024×14×14, separates the M-Net into two segments. By way of the Kaggle's test gives together 

right and left eyes of a patient. Similarly, we use the connection amongst two eyes. Measurements 

depict, over 95% of the eye sets consume the grades contrast by all things considered 1. In this way, 

link the highlights of the two eyes after Main Network composed and prepared the system to yield 

favourable position of it in a start to finish way. 

 

 
 

Figure 3. Part II - Structure of A-Net 

 
 
2.2. Maintaining the Integrity of the Specifications 
 
A-Net uses the M as input which is a feature map [21]. The maps consist of two branches. The first 

one is a 1x1 convolution kernel layer. It can be applied to every pixel and produced maps scored to 5 

disease layers, S ∈ R5×14×14. The second one produces attention gate maps with three convolution 

layers. In specific, each produced distinct mapping for disease stages. The attention map as gate A ∈ 

R5×14×14 is used as the A-Net and is assessed as, 

G1=S1⊗A1      (1) 

 
The pre-administration stage comprises clipping dataset image to eradicate the noise, which has 

unwanted parts of data. The Data reinforcement is carried out on the training set by (270◦/180◦/90◦/0◦) 

arbitrary rotations and casual flips. The preparation of the recommended Deep-in-Net comprises three 

stages. As foremost step, train the Main-Network, and then prepare A-Net whilst setting the 

considerations of Main-Network. The C-Net is accomplished in the final stage, together with the 

additional two to attain the Deep-in-Net. 

 

3. Literature Survey 

The paper uses AI based algorithm that grades in combine with smartphone (for validation) that 

images diabetic patients reliably and screen the patients precisely for vision loss Diabetic Retinopathy 

[6] [7] [8] who could be diagnosed by the ophthalmologist for further treatment. While referring to any 

retinal specialists if any false positive cases found are to be excluded and those needed treatment can 

be given proper diagnosis. The mentioned algorithm is used by putting in the inexpensive sleek camera 

that screens DR, the technology is feasible especially for the developing countries [1]. Diabetic 

retinopathy [9][10][11][12] is the disease that cannot be completely cured but can prevent complete 

vision loss. 
 

The laser analysis is done before there is complete retinal damage. On a condition that there is no 

destruction has been done to the retina, the vision can be improvised by vitrectomy. In the study of DR 

done in the paper the large portion of work is carried out to find out the hemorrhages, diabetic macular 

edema etc. The study directs in finding out the retinopathy in the initial stage and with immediate 

diagnosis permanent vision loss can be prevented [2].  
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In the paper, the diabetic Retinal Fundus [13] [14] [15] [16] image's pre-processing and data extraction 

is done to find out the DR using ML methods. The pre-processing framework includes histogram 

equalization exercising DIP toolbox of MATLAB. The pictures were distinctive categories of datasets 

one as normal stimulus and the second being diabetic infected images of the retina. In the study the 

features are used to learn the biological relevance [3].  
 

In the paper the author briefs about different areas on DR disease [17] [18] [19] [20] which can be 

found in the starting stage. In the paper the author describes large no of research has been carried out 

with respect to the DR. The data presented in the paper is cumulative work of all the research work 

done in the recent times. The main contribution of the paper is to encourage more research to develop 

and improve early detection of DR [4]. 

 
4. Retina Dataset 

The datasets are essential, ultimate and major part to nurture the development, expansion of several 

computational fields which builds confidence to results and helps in making better decisions. The 

Figure 4 and Figure 4 shows the MESSIDOR dataset 1 and 2 collected from the FUNDUS camera. 

Figure 5 shows an input image which has severe DR with microaneurysm. A glimpse of datasets in the 

field of DR are discussed in the following subsections. 

 

4.1. DIARETDB1 

It comprises 89 unreservedly open fundus retina pictures with the dimension of 1500 x 1152 pixels 

picked up at the 50-degree field of view (FOV). It joins 84 DR pictures and five customary pictures 

remarked on by four clinical pros.  [23] 

 

4.2. Kaggle 

It contains 88,702 significant standard pictures with various objectives, going from 433 x 289 pixels to 

5184 x 3456 pixels, assembled from diverse fundus cameras. Every image is gathered into five DR 

phases. Simply planning pictures ground facts are uninhibitedly available. Kaggle encompasses 

various pictures with inferior excellence and wrong naming. [23] 

 

4.3. E-Optha 

This straightforwardly accessible dataset consolidates E-ophtha Exudate besides, E-ophtha 

microaneurysms. E-ophtha joins 47 pictures with exudates and 35 conventional pictures. E-ophtha 

microaneurysm contains 148 pictures with microaneurysm and 233 conventional pictures.  

 

4.4. DDR 

This dataset encloses 13,673 fundus pictures obtained at a 45-degree FOV explained to five DR 

phases. There are 757 pictures after the dataset disclosed to DR injuries. [23] 

 

4.5. DRIVE 

It includes the straightforwardly accessible dataset used for vein division. It comprehends 40 pictures 

attained at a 45-degree FOV. The photos have a dimension of 565 x 584 pixels. Including them, there 

are seven smooth DR pictures, and the staying join photos of a regular retina. [23] 

 

4.6. HRF 

It comprises the openly obtainable pictures obliged vein division. It has 45 pictures with a dimension 

of 3504 x 2336 pixels. It includes 15 DR pictures, 15 sound pictures and 15 glaucomatous pictures. 

[23] 

 

4.7. Messidor-1  

This openly available dataset contains 1200 fundus concealing pictures picked up by a 45-graded FOV 

explained to quad DR phases.  
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4.8. Messidor-2 

The Messidor-2 openly accessible dataset comprises 1748 pictures picked up by a 45-degree 

FOV. [23] 
 

4.9. EyePACS 

Comprises over 5 million retinal images of varied inhabitants with numerous degrees of DR. 

It helps the processes to acknowledge the different retinas for the severity, in the real-world 

scenario. 
 

 
Figure 4. Sample image from Messidor Dataset-1 

 

 
Figure 5. The input data from Messidor Dataset-2 
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5. Quantitative Estimation 

The numerous modeling methodology are used to learn and understand the behavior of algorithms on 

various datasets. The factors used in analysis helps to fine tune results and makes easier to differentiate 

with other existing systems and practices. Figure 6 and 7 shows the outcome of preprocessing stage 

and the identification of microaneurysms respectively. 

 

 
Figure 6. The Image preprocessed and converted to grayscale 

 

 
Figure 7. The detection of microaneurysms in the second stage of the process 

 

The EyePACS dataset is verified and labelled by an experienced ophthalmologist. The experiment 

results were again examined and satisfied by the outcomes. For more clarification on Deep-in-Net, a 

clustering methodology can be used to envisage the top response spots on the gated Main Network as 

shown in figure 2. The features are segregated at the matching localities on the feature maps M 

gathered into clusters. The corresponding image regions are retrieved accordingly via C-Net input and 

visualized.  The clusters are determined with significant lesions like Microaneurysms, hemorrhages, 
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soft and hard exudates. The features are then concatenated to the features from Main-Network and 

catalogued by C-Net together. 

 

5.1. Datasets and Estimation Techniques  
In the experiment carried out we have valued the accuracy of the Deep-in-Net in two sets of data 

namely EyePACS and Messidor [21]. The Kaggle's DR Finding is supported by the California Health 

Institute. It provides various sets of images for training, validation, authentication and testing 

respectively. For comparison we have embraced the quadratic weighted kappa score for estimation and 

assessment. 

 

Table 1. Comparison assessment to leading entries on Kaggle challenge.  
 

Algorithm Validation Set Testing Set 

Min-pooling 0.83 0.81 

Reformed Gamblers 0.81 0.80 

Main-Net 0.86 0.81 

Main-Net+A-Net 0.823 0.821 

Deep-in-Net 0.86 0.84  
 

 
5.2. Result of the experiment on the dataset of EyePACS  
In the experiment, we could validate the Deep-in-Net using EyePACS sets of data [21]. As realised in 

the Table 1, the Main-Network attains 0.86/ 0.81 on the Validation/ Testing Set correspondingly. The 

Min-pooling has achieved 0.83/ 0.81 on the Validation/ Testing Set respectively. The Reformed 

Gamblers attains 0.81/ 0.80 on the Validation/ Testing Set respectively. M-Net+A-Net has achieved 

0.823/ 0.821 on the Validation/ Testing Set respectively. Deep-in-Net has achieved 0.86/ 0.84 on the 

Validation/ Testing Set respectively. 

 
 

Table 2. AUC for Referable/NonReferable  
 

Methodology AUC Acc. 

Deep-in-Net 0.96 0.92 

Lesion-Based 0.74 - 

Fisher Vector 0.85 - 

Expert A 0.89 - 

Expert B 0.88 -  
 
 

5.3. Experiment Results on the Messidor Sets of Data  
For further estimation we have proposed Deep-in-Net being applied to Messidor data of DR screen. 
The data is used for an evaluation and categorize, index the retina of the eyes in order to detect the 

lesions in the eye. In 2004, the French Ministry has conducted a program for techno vision in the field 

of research and defense sector. As per the dataset there are 1500 images where the image size is 

smaller enough for the CNN training [21]. As shown in the Table the AUCs for the methodologies are 

as follows - The Lesion based has AUC of 0.74, The Fisher Vector has 0.85 AUC, The Expert A gives 

0.89 AUC and Expert B gives 0.88 AUC values. Whereas for the Deep-in-Net the AUC/ Acc. value is 

0.96/ 0.92. 
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6. Conclusion 

The paper proposed the novel approach of the Deep-in-Net that has three major stages, which results 

in constellations of various severity levels of DR. The datasets are trained with supervision at the 

image stages. The Deep-in-Net generates the attention maps for the disease suspected area. The 

technique has the ability to validate and discover as per the objective. The further experiments rates 

higher response in the gated region for the DR potential lesions. This can be used as the technique to 

boost up the categorization.  
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