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Abstract: The way patients engage with medical professionals for treatment has altered as a result of 

smart healthcare. However, with such intelligent automated systems, security and support for different 

diseases remain issues. Diabetic Retinopathy (DR), one of the serious conditions, is a serious worry for 

those who have had diabetes for a long time and can cause total blindness in people of any age. 

Additionally, block chain has become more well-known in recent years for enabling secure sender-

receiver communication.Therefore, the goal of this effort is to develop a blockchain-based intelligent 

healthcare system for diabetic retinopathy early detection. However, early DR discovery comes with 

complications and necessitates a professional diagnosis,not accessible anywhere. As a result, the 

suggested smart healthcare paradigm includes computer-aided diagnosis (CAD) support for early disease 

symptom identification. The early diagnosis of DR, which necessitates extensive research to create an 

accurate and efficient model that can function without human contact, may be aided by the CAD model. 

In order to create the optimal model for DR early detection, this paper offers an empirical investigation 

of these variables. IoT-based smart devices that can identify diabetic retinopathy (DR) in patients can be 

developed using the best model. The report also discusses the significance of blockchain-based 

technologies and the Internet of Things for the creation of intelligent healthcare systems. A suggested 2-

branch CNN model makes use of the parameters' values and the kind of hyper parameters selected from 

the study and the Kaggle fundus image set is used to validate the model. The suggested 2-branch CNN 

model performs exceptionally well when different parameters are analyzed and their optimal values are 

used.  
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1 Introduction 

In order to save lives and deliver services remotely, healthcare systems are a necessary component of 

contemporary civilization. However, the healthcare system is concerned about the necessity of 

accurately and securely protecting patient data identifying the signs in order to discover them early. One 

of the deadly conditions for which early diagnosis is essential is diabetic retinopathy (DR). Experts in 

early disease diagnosis are aided by computer-aided diagnosis (CAD). To efficiently diagnose DR, 

researchers have created a number of CAD models in recent years. A comprehensive healthcare 

paradigm hasn't been created yet, though. This study aims to provide a deep learning model for precise 

DR detection and a CAD model with security to safeguard patient data.  

AI, IoT, and blockchain have demonstrated promise in practically every area of our lives. One of the main 

industries that has been impacted by IoT infrastructure and solutions is smart healthcare. Using portable 

wearable technology, IoT-based healthcare systems have significantly improved our lifestyle and health 

monitoring. Nonetheless, there are a few intricate healthcare domains where IoT and blockchain must 

advance in order to safeguard patient confidentiality and healthcare data. In the healthcare industry, 

Convolutional Neural Networks (CNNs) are also frequently utilized for precise CAD. These automated 

diagnostic tools have the potential to raise the standard and efficiency of medical care. Additionally, 

CAD can aid in the early identification of one of the leading causes of blindness worldwide, diabetic 

retinopathy Healthcare facilities' scarce resources result in challenging Consult a specialist physician for 

an investigation of diabetic retinopathy Convolutional networks are currently used in CAD to detect the 

early symptoms of diabetic retinopathy. One kind of deep feed-forward artificial neural network is the 

CNN. The primary purpose of this architecture is to employ a multilayer architecture for image 

classification Numerous CNN types have been proposed, and their effectiveness in complex image 

classification algorithms has been demonstrated Diabetic retinopathy, the primary cause of visual loss 

globally, is a consequence of long-term diabetes CNN has been used in a number of technological  

The number of convolution layers, the number of nodes in convolution layers with multiple parameters, 

and hyper-parameters like learning rate, activation functions, and pooling all affect how well the CNN 

model performs To the best of our knowledge, no research has been done to support the decisions 

made when creating a CNN for the classification of diabetic retinopathy.  

Adaptive learning is the process of modifying the learning rate during training in order to enhance 

performance Rather than having a constant value, the value may rise or fall between epochs or 

iterations. The term "learning rate schedule" refers to a value change.  

Here, an effort is made to illustrate how the model's performance and accuracy alter in response to 

variations in learning rate values. Analyzing the effects of these four characteristics—activation function, 

pooling, learning rate, and optimizer parameters—on a CNN model for the classification of diabetic 

retinopathy is the aim of this study. The research is carried out  

in stages to examine each parameter's effect. Lastly, a CNN model for the categorization of diabetic 

retinopathy is proposed using the best parameters. 
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The article's remaining content is arranged as follows: The most recent review of the literature is 

presented in Section II. The methodology and model description are provided in Sections III and IV. and 

a dataset summary, respectively. Details of the experiment are given in Section V. Section VI presents 

the findings and comments. The study is finally concluded in Section VII.  

 

2 Literature review 

 

In the medical field, IoT, Blockchain, and cloud technologies are used to provide AI, healthcare, and 

telemedical laboratory services. CNN is frequently employed and has shown itself to be an excellent 

classifier for the classification of diabetic retinopathy using fundus images, however occasionally the 

patient's own data may not provide the precise report that was anticipated. This is where the primary 

goal is to fine-tune more features and characteristics. Some research that use CNN to classify DR are 

represented in this section. When transfer learning is applied to CNN models that have already been 

trained, a binary classification model with an accuracy of 74.5% is obtained in [1]. For the classification 

investigation, tertiary and quaternary classification models are also evaluated. For the experiment, 

transfer learning is conducted after a series of pre-processing techniques and data augmentation. In [2], 

the CNN with augmentation performs better than the CNN without augmentation, yielding 94.5% and 

91.5% results, respectively, for the categorization of diabetic retinopathy. 

By measuring the image's information, the intricacy of the original fundus images is depicted. Deep 

learning is then used for classification, increasing the accuracy to 86.0% from the 81.8% attained with 

standard fundus images. In [3-4], image enhancement methods such as histogram equalization are 

employed in addition to deep learning to enhance DR categorization, with a 97% accuracy rate attained. 

The CNN-based segmented image classification for DR in [5-7] yields an accuracy of 99.18%. Another 

study in [36] achieves 86.17% accuracy by classifying data using CNN in conjunction with Support Vector 

Machines (SVM). In this case, max-pooling is substituted for fractional max-pooling in the CNN for 

feature extraction before to SVM use. The conclusions of the debate above are highlighted in Table 1 

below:  

Nevertheless, a study [8] claims that while high accuracy is attained for DR detection using different 

machine learning models, the needs of real-time deployment and clinical validation have not yet been 

fully met. It also suggests ways to address the issue brought on by the variety of datasets in terms of 

ethnicities and the cameras used to take pictures in actual, useful clinical settings field. Therefore, to 

obtain the ideal model, all of the network's parameters and features must be fine-tuned. An method to 

addressing these issues for the Internet of Medical Things [IoMT] was put forth by authors in [9].A 

number of studies examined the efficacy of IoT  

and blockchain for the ecosystem of healthcare [10-12]. Furthermore, with cloud-based IoT networks in 

the healthcare industry, cloud servers can be used to offer a worldwide secure network for monitoring 

numerous patients across multiple areas [13]. It has been noted that in order to get a good classification 

performance, picture characteristics are also a crucial component [14]. Several methods have been 
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employed to extract the discriminative elements from the image and classify it accurately. Combining 

local and global characteristics can be sent to a classifier for classification of the image. [15] These types 

of architectures use both spatial and spectral information from the image to extract features from each 

source at their native pixel of resolution. In light of this, the process is made to develop a more accurate 

model for the identification of diabetic retinopathy asutilizing the analysis in comparison to the current 

models. 

3 Methodology 

In order to comprehend the significance of several characteristics for the classification of DR in diabetic 

patients, a two-class classification model utilizing multiple CNN configurations was initially created. 

These setups are described in Table 2 as follows:  

A five-class classification model makes advantage of the empirical analysis's findings. To classify DR using 

fundus images, a two-branch CNN is suggested. The suggested Figure 1 shows the flow diagram for a 

CNN model with two branches. The fully connected neural network is utilized to classify DR using two 

distinct feature sets that were gathered from two distinct CNN branches.  

 

 
 

Figure 1: CNN model with two branches. 

 

Here, a few fundamental pre-processing techniques are used for the classification:  

 

(i) Cropping: Cropping is used to extract the portion of the image that is within the ROI. The 

majority of fundus photos include a dark border that requires to be minimized in order to 

focus on the area of interest.  

(ii) Image resizing: An image must be resized in order to use any machine learning or deep 

learning technique. It is necessary to standardize every data image. In this case, every image 

is resized to 256 x 256 x 3 pixels.  
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Table 1 compares previous research on DR classification. 

 

 

Figure 2: Photos of sick fundus are shown in the first row, whereas photos of normal fundus are shown 

in the second.  

(iii) Contrast enhancement: It is the process of altering the range of pixel values in an image to 

make its features more prominent. The technique that enhances contrast in digital photos is 

called Contrast Limited Adoptive Histogram Equalization (CLAHE). 

The results of medical image enhancement using this technique are better than other 

histogram equalization techniques Here, the hidden features are made evident through 

contrast enhancement using this CLAHE. 

(iv) Normalization: In this case, the pixel values are normalized using max-min normalization.  

4 Dataset description :The administration of Ruby Eye Hospital in Odisha, India, provided support for 

the acquisition of the dataset under investigation. The fundus images have been captured with a 

highresolution camera. A male and a female are displayed in the database ratio of 50:26 among patients 

aged 30-65 who had diabetic retinopathy. The distinct fundus pictures of patients with and without 

diabetic retinopathy are gathered for the condition. Figure 2 displays samples of both infected and non-

infected fundus images. The fundus photos of 102 diabetic individuals make up the dataset, which 

equally distributes both healthy and diseased photographs. These fundus images fall into one of two 

classes: normal, or non-diseased, or diabetic retinopathy (DR), or the diseased. Normalized To get zero 

mean and unit variance, the pictures are subjected to max-min normalization within the range For 

research purposes, this dataset is publicly accessible online This experiment also uses the Kaggle retina 
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fundus picture collection. Five severity levels—0 denoting no DR, 1 mild NPDR, 2 moderate NPDR, 3 

severe NPDR, and 4 PDR—are used to categorize the images. Regarding both sets of data, the In this 

case, the ratio of training to testing is 80:20. 

5 Experimental analysis 

It takes a lot of computing power to evaluate hyper-parameters in detail on a large model. In order to 

assess several hyper-parameter settings, such as pooling, activation, learning rate, and optimization, the 

study used a straightforward model. Lastly, the suggested CNN model with two branches makes 

advantage of the optimal set of hyper-parameters discovered using the simple model.  

In the first phase (Phase 1), the performance of the parameters or factors are analyzed to be selected 

for further testing. Following this in the second phase (Phase 2), a selective combination of factors is 

evaluated to establish the relationship of these to the model performance. In next two phases (Phase 3 

and Phase 4), more factors are evaluated by incremental tests to obtain maximum performance for 

fundus image classification using this dataset. Here, the number of samples in the dataset is essentially 

increased during training through the use of data augmentation.  

Table 2: CNN model used and description of its layers 

 
 

The tagged data can be distorted by data Augmentation without losing semantic information. Five 

online data augmentation techniques are employed here, including shifts in both directions, rotation 

and vertical flips. 90% rotation is used, along with 2% horizontal and vertical adjustments. The training 
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procedure automatically introduces the altered input images. The dataset for the experiment is split 

80:20 between training and testing data. 

 

5.1 Evaluation of the parameters 

Numerous matrices, including recall, accuracy, sensitivity, specificity, precision, and F1-Score are taken 

into account for evaluation. The results are analyzed step-by-step go through the several stages as 

outlined below: Phase 1: As previously said, various pooling layers, activation functions, optimization 

parameters, and learning rates are assessed in the experimental setup to comprehend the model's 

behavior. The following graphs provide a visual representation of the findings achieved for variations in 

parameter combinations. The behavior of the model with regard to testing accuracies attained for 

various combinational approaches created for the CNN via the process of classifying data on diabetic 

retinopathy is visualized using a three-dimensional bar graph representation. Here, four different 

pooling types are taken into consideration: max pooling, min pooling, average pooling, and maxmin 

pooling. The activation function and learning rate variations for each pooling are shown on the x-axis 

and y-axis, respectively.  

The following learning rates are selected for study: 0.1, 0.01, 0.001, and 0.0001 for LReLu, ReLU, 

sigmoid, and tanhLastly, the z-axis displays the observed testing accuracy. The model's capacity to learn 

from different optimizers, including SGD, ADAM, and Adadelta, is additionally observed by the 

corresponding color in the graph. The accuracy value changes for max pooling with varying activation 

functions, learning rates, and backpropagation optimizers in the CNN model are displayed in Figure 3.  

The accuracy values obtained via max pooling at epochs 25, 50, 75, and 100 are shown graphically in 

three dimensions in Figures 3(a), (b), (c), and (d), respectively. Figure 3(a) shows that using LReLu and 

ReLu activations at a learning rate of 0.01 with the Adadelta optimizer at epoch 25 yields a maximum 

accuracy result of 0.686. With the ADAM optimizer, the same accuracy is seen with a learning rate of 

0.0001 over 100 epochs. The findings demonstrate that improved accuracy in this case is not guaranteed 

by an increase in epoch. Furthermore, accuracy may also decline. This happens as a result of either 

incorrectly calibrating the learning rate or overtraining, which alters the outcomes.  

Compared to Figure 3(a), the graphical Figure 3(b) displays higher accuracy values. With the Adadelta 

optimizer, the two activation functions ReLu and LReLu at 0.1 learning rate exhibit accuracies of 0.725 

and 0.705, respectively. The Adadelta optimizer exhibits an accuracy of 0.725 with tanh activation at 

0.01 learning rate for epoch 75, as seen in Figure 3(c). Additionally, the ADAM optimizer additionally 

provides accurate outcomes with a 0.745 accuracy value using LReLu at a learning rate of 0.0001. The 

accuracy of the model utilizing the max pooling layer at epoch 100 is displayed in Figure 3(d). ReLu 

activation at 0.01 learning rate and SGD optimization, as well as the tanh activation function at 0.1 

learning rate with ADAM optimization, yield the best accuracy of 0.686. The LReLu activation achieves 

an accuracy of 0.647 with SGD and ADAM optimizers at 0.1and 0.0001, respectively. The function of 

sigmoid displays the lowest accuracy results.  
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The 3-dimensional graph for the second form of pooling, generated from min pooling at various epochs 

and features, is shown in Figure 4. The Figure 4(a) is the plot for accuracy values at epoch 25 utilizing 

min pooling in the model. Here, an accuracy of 0.764 is attained using the ADAM optimizer using the 

ReLu activation function at a learning rate of 0.0001, and the SGD  

With LReLu activation, the optimizer at 0.01 achieves an accuracy of 0.66. The ADAM optimizer at 

0.0001 learning rate with ReLu activation achieves an accuracy of 0.686 for epoch 50 in Figure 4(b). 

LReLu activation raises the accuracy to 0.725 under the identical circumstances. The LRLu outperforms 

the ReLu activation in this particular scenario. Once more, the Adadelta optimizer with LReLu at 0.0001 

learning rate yields an accuracy of 0.725. Figure 4(c) shows the accuracy plot with an epoch value of 75, 

where the Adadelta optimizer at 0.0001 learning rate and tanh activation function yields a notable 

accuracy result of 0.686 in just one combination. The bar graph representation for epoch 100 is shown in 

Figure 4(d). At this time, the model's tanh function at 0.1 learning rate and Adadelta optimizer achieves 

an accuracy of 0.686, while the LReLu activation at 0.01 learning rate with ADAM optimizer achieves an 

accuracy of 0.705. The observed outcomes demonstrate that the model's min pooling and max pooling, 

when paired with the ADAM or Adadelta optimizer, outperforms alternative optimizer combinations. 

The charting for average pooling, a different kind of pooling used in the model, is shown in Figure 5 

below. Using ADAM, Figure 5(a) for Epoch 25 produces two significant accuracy observations of 0.686 

and 0.705. and optimizers for Adadelta. The ADAM optimizer attains an accuracy of 0.666 with ReLu 

activation at 0.0001 learning rate and 0.745 with LReLu at 0.01 learning rate, as shown in Figure 5(b). 

The graph also shows that the network model's average pooling approach, SGD optimizer, and 0.01 

learning rate perform well with the tanh function, producing an accuracy value of 0.705 as opposed to 

the ReLu function's 0.666 accuracy. Plotting for 75 epochs, Figure 5(c) uses the SGD optimizer at 0.1 and 

0.01 learning rates with ReLu and LReLu activations, yielding accuracies of 0.666 and 0.686. Additionally, 

the ADAM optimizer achieves a tan activation function accuracy of 0.764 at a learning rate of 0.0001. 

However, when the epoch is increased to 100 at Figure 5(d), the accuracy values remain at 0.666 by SGD 

and ADAM instead of increasing further.  
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Figure 3: Accuracy values plotted using the model's 

maximum pooling. For epochs 25 and 50, 

respectively, (a) and (b) are used.  

(c) pertains to epoch = 75. For epoch = 100, (d) is 

used. 

 

Figure 4: Accuracy values plotted using the 

model's min pooling. With (a) representing epoch 

= 25, (b) representing epoch = 50, (c) 

representing epoch = 75, and (d) representing 

epoch = 100. 
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Figure 5: Accuracy values plotted using the model's average pooling. The values in (a,b,c,d) correspond 

to epochs of 25, 50, 75, and 100, respectively. 

Till now with these three pooling layers ReLu and LReLu activation functions  performs well on most of 

thecases, while tanh performs in few and the sigmoid function  

appears to be a terrible performance right now. The accuracy values obtained by employing max-min 

pooling in the model in conjunction with various parameters are also examined in this analogous 

process. The model achieves an accuracy value of 0.803 by utilizing 25 epochs.  

ADAM optimizer with tanh activation function at 0.0001 learning rate. In certain combinational 

approaches, this accuracy drops to 0.666 instead of increasing if the number of epochs is increased to 

50, 75, or 100. The experimental findings unequivocally show that the model's behavior is impacted by 

every condition and parameter combination. Analyzing the results of each combinational strategy is 

different. Selective combinations that yield the best result out of all of these are selected for further 

testing with a longer epoch and advanced to phase two. 

Phase 2: The accuracy and additional evaluation metrics for the selected combinations are examined in 

this phase. The accuracy values for various pooling’s with the mix of features and parameters chosen are 

displayed in Table 3 below, along with the sensitivity (Sn), specificity (Sp), precision (Pr), recall (Re), and 

F1-score (F). principles. The evaluation parameters for the combinations that yield the highest accuracy 

values in phase 1 are listed in the above table. It demonstrates how successfully max pooling and the 
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Adadelta optimizer at 0.1 learning rate work together to provide good accuracy numbers. Lastly, for 

maximum pooling, the ADAM optimizer with LReLu and 0.0001 learning rate achieves the highest 

accuracy. At this accuracy level, the recall and F1-score are 0.76 and 0.745, respectively, while the 

sensitivity and specificity and precision are 0.76 and 0.73, respectively. Here, a rate of 0.0001 can be 

chosen for appropriate tweaking. In this case, the LRELU function also turned out to be more 

performable than ReLu and other activation functions. The ADAM optimizer performs better than other 

optimizers when using combinational approaches for min pooling, and the learning rate of 0.0001 can 

be chosen for appropriate tuning in this case. Additionally, the LRELU function demonstrated greater 

perform ability thanIn this case, ReLu and other activation functions. Sensitivity, which measures the 

number of correctly detected positive cases, reaches a maximum of 0.79 for accuracy of 0.76 and 

specificity of 0.74, while precision, recall, and F1-score are 0.73, 0.8, and 0.76, respectively. These are 

the best values that could be found here.  

Tanh activation appears to function better in this state when utilizing average pooling in this model at 

different epochs. Accuracy increases by 0.01 at the learning rate, but The highest accuracy yield in this 

case is 0.764, or 0.0001 learning rate. The precision, recall, and F1-score are 0.73, 0.8, and 0.76, 

respectively, while the sensitivity and specificity are 0.791 and 0.740. When compared to all other 

optimizers, the ADAM optimizer yields the best result in this case. Once more, the ADAM optimizer 

outperforms other optimizers in this maxmin pooling scenario. It achieves 0.803 accuracy and 0.9 

sensitivity, which is the highest of all the earlier outcomes. This is currently the model's best 

combinational method. utilizing this dataset. The corresponding values for specificity, precision, recall, 

and F1-score are 0.741, 0.692, 0.9, and 0.782. This illustrates how the pooling layer changes in 

conjunction with Its features and parameters affect how the model behaves. Tanh functions for average 

pooling and LReLu activation for min pooling, although they differ in other pooling scenarios. AdaDelta 

performs well in max pooling for this model with this data, however the ADAM optimizer performs 

better in min pooling and maxmin pooling. The independent behavior of parameters and situations in a 

given scenario is conceptualized clearly in the graphs and tables.All four pooling layer combinations 

mentioned above have now moved to phase 3 for additional testing. 

Phase 3: The obtained outputs are examined after the aforementioned combinations are repeated up to 

1500 times. The accuracy calculated for 100 and fewer iterations is contrasted in the following tables. 

values after 1500 cycles. This is where the real set of combinations is chosen, meaning that the states 

that yield the best outcomes are ultimately chosen at the top combinations for this specific model. Table 

4 displays the accuracy at 1500 iterations for maximum pooling. It is evident from the above table that 

as the epoch increases, the accuracy value—which is actually the highest of the four values—does not 

grow further. The accuracy values and other evaluation parameter values for the model's average 

pooling are also included in Table 4. Additionally, the higher accuracy value in this case is not the value 

that was further raised in the preceding phase.  

As previously, for this average pooling at learning rate 0.01 instead of 0.0001, the Adadelta optimizer 

outperforms ADAM. Its sensitivity of 0.85 and accuracy of 0.862 are less than the specificity of 0.875. 

Here, adjusting the sensitivity more could improve the accuracy even further.  
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Phase 4: In this stage, the three pooling strategies—max, average, and max-min pooling—as well as 

their combined characteristics are ultimately chosen in Table 5. which are effective for this dataset and 

model. Additionally, these combinations can be employed with hybridization or optimization techniques 

to produce a more appropriate model with greater accuracy values.  

The three maximum accuracy values of 0.843, 0.862, and 0.865 attained using this experimental 

approach with additional assessment settings are shown in this table. These may be chosen as the 

optimal three configurations for the pooling layer, optimizer, learning rate, and activation function to 

attain a high accuracy for this model. Only two class classifications of diabetic retinopathy data—DR and 

normal—are taken into consideration in this work. Some observations are made in this experiment is 

stated below: 

Out of all the different methods of pooling that are utilized here, maxmin pooling produces comparably 

superior results. A decent selection of pixel values for the model's training and testing is produced by 

fusing the maximum and minimum values of the pixels throughout the selection process through 

pooling grouping. The LReLu function does not convert all negative values to zero, in contrast to the 

ReLU function. In this case, the LReLu outperforms other activation functions.The ReLU, which yields 

good results in a limited number of combinations, comes in third place, followed by the tanh function in 

second place. However, as iteration increases, the tanh function Looking at the accuracy findings, it can 

be seen that when Adam is used as an optimizer, more than 50% of the cases have good accuracy 

values. The Adadelta in less than 40% of combinatorial scenarios, the optimizer also produces results.  

 

Table 3:Selective combinations for different pools are shown  

 
Table 4: Multiple pooling combinations chosen from phase 1. 
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Table 5: Accuracy of combinations chosen in step 3. 

 

 

 

Figure 6: A tailored 2-branch CNN model for DR classification is suggested. 

 

5.2 Evaluation of the model 

Max-min pooling, LRELU activation function, Adam optimizer, and learning rate of 0.0001 are selected 

from the aforementioned parameter analysis to be used in the suggested 2- The CNN model for the 
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Kaggle dataset's five-class DR classification. The VGG16 network model serves as the inspiration for each 

CNN branch in the two-branch CNN model The proposed 2-branch CNN model's detailed structure is 

displayed in Figure 6 below. Two branches that receive inputs make up the suggested model. For in-

depth feature learning, these two branches are trained separately using the Kaggle dataset. Following 

that, each branch's output features are  

combined and given to a neural network that is completely linked for classification.  

The 256 x 256 x 3 image is prepared for usage in the network for training after pre-processing. The 

image's patch size is 128 x 128.The image is separated into different patches for the first branch in order 

to extract more potential features locally. Lambda is the functional layer employed for this patch 

division. The TensorFlow library contains it. The format of these patches is one dimension. Therefore, 

the Reshape layer is employed before the VGG network passes through a convolution layer in order to 

reorganize the retrieved patches into the typical input shape. Here, the image size is adjusted to be 

appropriate for the VGG16 network's input using the convolution layer. The library's pretrained VGG16 

model is utilized without its completely connected layers. The network achieves more accuracy thanks 

to its pre-trained weights. The output characteristics are saved for further use. 

The pre-processed image is supplied as input directly, without patch division, in the second branch. The 

output and fully connected layers of the VGG16 network are not utilized. The branch's characteristics 

are saved. The fully linked layer receives a combination of the output features from the two branches.  

The total size of the features is 1024. (512+512 from each branch), which is the data source used to 

make the five class forecasts. The stages utilized in the suggested 2-branch are as follows:  

Steps in the model flow for the experiment:  

Step 1: Fundus image pre-processing, including cropping and resizing Enhancement of Contrast and 

Normalization  

Step 2: Loading the previously processed data  

Step 3: Processing for the Branch 1 CNN Patching, dividing, and resizing the input images; feeding them 

into the VGG16 network; and storing the network's     output as A 

Step 4: Processing for the Branch 2 CNN  

The VGG16 network's input and output are stored as B and B, respectively.  

Step 5: Concatenation of the output features from branches 1 and 2  

Step 6: A fully connected neural network is fed the entire concatenated output in order to classify it. 

6 Results and discussion 

The suggested model's outcomes are examined and contrasted with those of the most advanced 

models. Accuracy, sensitivity, specificity, precision, recall, F1-score, AUC  and ROC are among the 

assessment criteria that are used here. 
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6.1 Analysis of results 

 

The classification results for the five diabetic retinopathy classes are displayed in the form of a confusion 

matrix in Table 6 below. The assessment parameters mentioned above are determined using the 

confusion matrix and shown. within Table 7. In order to properly examine the outcome and access its 

performance, Table 8 displays a result comparison table. The five-class categorization is likewise carried 

out by the model put forth by using the same dataset. Thus, it is possible to compare the models. 

The model's accuracy is determined to be 0.966. The calculations' highest F1-scores, sensitivity, 

specificity, recall, and accuracy are 0.992, 0.994, 0.978, 0.998, and 0.985. The greater sensitivity and 

specificity ratings demonstrate the percentage 

Table 6: The suggested model's confusion matrix. 

 

Table 7: Values for the assessment parameters taken from the confusion matrix are shown 

 

percentage of affected subjects and real positives are correctly classified. In class 1, class 2, class 3, and 

class 4, the high precision rates of 0.978, 0.971, 0.978, and 0.971 indicate a low false-positive rate in the 

classification model. For classes 0, 2, and 3, the higher recall values of 0.991, 0.992, and 0.998 

demonstrate an extremely low false-negative rate. With recall values of 0.987 and 0.989, the other two 

classes likewise have a false-negative categorization rate. Here, the F1-score—a weighted average of 

precision and recall—is noteworthy. Each of the five F1-score values are greater than 0.95 for five 

classes, with a maximum of 0.98 serving as a good classifier indicator.  

Figure 7 displays the estimated probability curve, often known as the ROC curve. This graph 

demonstrates our model's ability to differentiate between five classes. The way in which The graph uses 

two parameters, namely the true positive rate and the false-positive rate, to represent categorization at 
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all classification levels. The complete two-dimensional area under the entire ROC curve is measured to 

determine the AUC. It offers a total performance metric for every classification criterion that could exist. 

Because it disregards absolute values while calculating the ranking of predictions, AUC is scale-invariant. 

Additionally, it is a classification threshold invariant, meaning it gauges the caliber of the models 

forecasts without relying on the criterion for classification. Class 0, Class 1, Class 2, Class 3, and Class 4 

have corresponding AUCs of 0.98, 0.96, 0.98, 0.98, and 0.99.The PDR class obtained the highest AUC of 

0.99. and the mild NPDR class achieves a minimum of 0.96.  

 

Figure 7: The model's ROC curve. 

 

Table 8 displays a comparison of the models' AUC .Our model performs better than the DR in each class 

classification.by making the greatest distinctions between each class. The suggested model's maximum 

AUC of 0.99 indicates that its differentiating ability is at its peak. The model is the top performer for the 

categorization of diabetic retinopathy, according to the AUC values.fundus pictures. Figure 8 displays the 

following curves to provide further information about the model's training capabilities. Figure 8's graph 

(a) illustrates how the model's accuracy rises as the number of epochs grows. The graph (b) The learning 

curves fit well, as seen in Figure 8. A stable point is reached by the training loss plot, which is favorable 

for the model loss. It may be concluded that the model performs better than the current model and can 

function as a good classifier based on the computation of all evaluation parameters and the graph 

displaying model accuracy, model loss, ROC curve, and AUC value. for the classification of DR  

 

 

 

 

 

 

 

 

http://www.neuroquanotology.com/


Neuroquantology | April 2019 | Volume 17 | Issue 04 | Page 86-104| Doi: 10.48047/nq.2019.17.4.1997 
Ranjith Kumar Siddoju, IoT-Blockchain based Smart Healthcare System as a Case Study to Examine the Parametric Effect on a Deep Learning 
Model and Propose a 2-Branch CNN for Diabetic Retinopathy Classification 
 

 

102 

 
eISSN: 1303-5150         www.neuroquanotology.com 

 

 
 

Table 8: Comparison with the output of the most advanced model. 

 

 

 

Figure 8: Accuracy and loss of the suggested model 

 

6.2 Novelty of the work 

When several parameters are analyzed and their optimal values are used, the suggested 2-branch CNN 

model performs exceptionally well. Here, CNN's two-branch classification model appears to use feature 

learning quite effectively. Understanding the variations in the classification of diabetic retinopathy at 

the interclass level is greatly aided by the detailed learning of features, specifically the learning of local 

and global features of fundus images. The probability curve makes this very evident. The suggested 2-

branch model is invoked as a good classifier based on the obtained AUC for each class level. The model's 

accuracy and loss curve further support its status as an excellent model. 

 

7 Conclusion 

In order to classify diabetic retinopathy, we have examined various CNN configurations in this article by 

taking into account a number of variables, including the type of pooling layer, the optimizer function and 

architectural activation, learning rate, and iterations. A recently created dataset is being utilized to 

examine the performance of various CNN variations. According to the empirical evaluation, out of all the 

investigated combinations, the max-min pooling with hyperbolic tan activation, trained using the Adam 

optimizer at a 0.0001 learning rate for 1500 iterations, yields the best accuracy of 86.50%. Future 

scholars will benefit from this work by gaining insight into the different parameters and how they affect 

the model in accordance with select the optimal mix for the architecture that will be created. Here, a 
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two-branch CNN model is suggested for the categorization of fundus images for diabetic retinopathy, 

and the chosen parameters are applied to carry out the experiment. The suggested method 

demonstrates the model's superior performance as the average sensitivity, specificity, precision, recall, 

F1-score, and AUC for each class are 0.96, 0.99, 0.96, 0.97, and 0.96, respectively.  
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