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Abstract— Diabetic retinopathy is one of the primary causes of vision loss in people with diabetes globally, or
Diabetic Retinopathy. Preventing irreversible visual damage requires early detection and prompt treatment. In
recent years, Deep learning methods such as Convolutional Neural Networks (CNNs) have demonstrated
promising outcomes in automating the diagnosis and categorization of Diabetic Retinopathy using retinal fundus
images. This study presents a thorough examination of CNNs' application in the automated identification of
diabetic retinopathy. In order to maximize performance, we investigate several architectures and training
approaches, taking into account variables like transfer learning algorithms, augmentation techniques, and dataset
size. The efficacy of CNNs in attaining elevated levels of precision, sensitivity, and specificity in drug discovery
assignments is evidenced by the outcomes of experiments. Furthermore, we discuss challenges such as dataset
biases, interpretability of deep learning models, and deployment in clinical settings. With the potential to improve
healthcare outcomes for diabetic patients worldwide, this research adds to the continuing efforts to use Al-driven
solutions for the early identification and management of diabetic retinopathy.

Keywords— Classification, Deep Learning, Computer Vision, Convolutional Neural Networks (CNNSs),
Diabetic Retinopathy, Image Classification, Medical Image Processing.

| Introduction

Globally, the primary cause of vision loss in those of working age is diabetic retinopathy (DR), a serious
consequence of diabetes mellitus. An estimated one-third of diabetic people experience some type of DR; if
undetected and untreated, a sizable fraction of these patients’ proceeds to vision-threatening phases. Regular
screening is essential for early detection and prompt intervention, which can successfully stop or slow the
disease's course and lessen its effects on vision. As shown in figure 1.

The traditional techniques for detecting diabetic retinopathy (DR) involve the manual evaluation of retinal
fundus pictures by qualified ophthalmologists. This is a laborious process that is interpreted subjectively and is
frequently confined by the availability of specialists, particularly in areas with limited resources. Convolutional
Neural Networks (CNNs), one type of deep learning approach, have transformed medical picture analysis in recent
years by providing precise and automated ways for diagnosing and classifying illnesses.

CNN work well on image-based problems because they can learn hierarchical representations straight from
pixel input. This allows them to capture complex patterns and features that are essential for differentiating
between different phases of DR. CNNs may be trained to detect small irregularities suggestive of DR with high
sensitivity and specificity by using massive datasets of annotated retinal pictures. This could potentially
outperform human performance in terms of consistency and efficiency.
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Fig 1: Distinction between Diabetic Retinopathy and
Normal Retina

This paper looks at the developments, difficulties, and potential applications of CNNs for automated diabetic
retinopathy diagnosis. We examine the body of research on CNN architectures specifically designed for DR
detection, and we go over dataset preparation procedures, [2] augmentation methods, and optimization tactics to
improve model performance. We also address important aspects including the interpretability of the model, its
robustness across different populations, and its integration with clinical workflows.

The purpose of this work is to examine the developments, difficulties, and potential applications of CNNs in
automated diabetic retinopathy identification. We assess the body by research on CNN architectures specifically
designed for DR detection, and we go over dataset preparation procedures, augmentation methods, and
optimization tactics to improve model performance. We also address important aspects including the
interpretability of the model, [3] its robustness across different populations, and its integration with clinical
workflows.

Il Literature Review

D. T. Mane.et at (2023). Using the MESSIDOR Dataset, a Customized Convolutional Neural Network (CCNN)
with a high test accuracy of 97.24% was proposed for Diabetic Retinopathy Detection. deep learning method
using a customized convolutional neural network (CCNN). Traditional strategies including data retrieval, pre-
processing, segmentation, feature extraction, model creation, training,testing, and interpretation. Test accuracy
achieved: 97.24%. Outperformed existing algorithms in DR detection. Customized Convolutional Neural
Network (CCNN) achieved a test accuracy of 97.24%. The proposed technique outperformed existing
algorithms for Diabetic Retinopathy Detection.[1]. N. S, Saraswathy.et al (2023). With a mean classification
accuracy of 90.02%, Convolutional Neural Networks (CNNs) beat state-of-the-art approaches in the study's
automated identification of diabetic retinopathy. For feature extraction and picture pre-processing, use the gabor
filter. Principal Component Analysis for reducing the dimensions of dataset input. Mean classification accuracy:
90.02%. Increased accuracy in comparison to cutting-edge techniques. The technique for identifying diabetic
retinopathy using a DiaNet Model (DNM) is presented in the study. The DNM Model's average classification
accuracy was 90.02%. Manual diagnosis by ophthalmologists is time-consuming, expensive. Reduction in
number of attributes can benefit DNM model.[2]. M. Krishnan.et al (2022). With remarkable performance
metrics—achieving 0.904 AUC—the study article employs CNN models—more particularly, VGG-16 and
VGG-19—for automated diabetic retinopathy identification and severity grading. Convolutional neural network
(CNN) models: VGG-16 and VGG-19. Support Vector Machine and Probabilistic Neural Network techniques
were also used previously. The automated classification method achieved 80% sensitivity and 82% precision. A
severity rating, ranging from 0 to 4, was generated by the method for diabetic retinopathy. The paper proposes
an automated classification method for detecting diabetic retinopathy. The method achieves high sensitivity,
precision, and specificity in classifying fundus images. The Support Vector Machine and Probabilistic Neural
Network methods from earlier research produced subpar outcomes. Often, the illness doesn't show any
symptoms until it's too late to have a successful treatment. [3]. Anna Corrias.et al (2022). The paper analyses
Diabetic Retinopathy detection using CNN models like DenseNet and EfficientNet, proposing automated
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diagnosis for classifying severity levels in fundus images. DenseNet, EfficientNet, CNN models used for DR
detection. APTOS and Kaggle datasets utilized for training the models. CNN models, including DenseNet and
EfficientNet, are used to diagnose diabetic retinal disease. Five severity classifications are used to categorize
fundus pictures for suggested diagnoses. The severity levels of diabetic retinopathy are detected using CNN
models. CAD method proposed for automated diagnosis of Diabetic Retinopathy. Early detection of DR
challenging even for experts. Automation through CAD method proposed for diagnosis.[4]. Li Lu.et al (2021). In
the Yangtze River delta area of China, a deep learning system (DLS) with a convolutional neural network
achieves great sensitivity and specificity in detecting diabetic retinopathy in fundus pictures. DLS with
convolutional neural network for DR detection. Fundus photos that have been cropped and resized beforehand.
DLS obtained 0.9609 specificity, 0.9003 sensitivity, and 0.9824 AUC. Misclassification: 88.6% false-positives
were mild NPDR, 81.6% false-negatives were IRMAs. DLS effectively identified fundus photos indicative of
diabetic retinopathy. Incorporating DLS in tele-screening advances screening programs cost-effectively. 88.6%
false-positives were mild NPDR. 81.6% false-negatives were intraretinal microvascular abnormalities.[5]. Mrs.
Vishakha Shelke.et al (2022). Diabetes impacts the eye's retina over time, leading to vision deterioration and
diabetic retinopathy. Fundal camera images of the retina are crucial for assessing the effects of diabetes. The
study focuses on Age-related Macular Degeneration (AMD) using Local Binary Patterns (LBP) initially,
followed by experimentation with Gray-Level Co-Occurrence Matrix (GLCM). GLCM is explored as a surface
descriptor for retinal images, compared with other descriptors like GLCM filtering (GLCMF) and local phase
quantization (LPQ). These methods aim to highlight blood vessel features such as energy, contrast, correlation, and
homogeneity values. To differentiate between real and fake vessels, a classifier called Support Vector Machine
(SVM) is used. Ultimately, the diagnosis of diabetic retinopathy relies on clinical eye examinations and the
analysis of retinal images.[6]. Khalid M Alabdulwahhab.et al (2021). Support vector machines, random forests, and
linear discriminant analysis are examples of machine learning approaches. ML classifiers include ranger random
forest and K closest neighbour. 86% of DR cases are correctly classified by the Ranger random forest classifier.
Both the length of diabetes and the HbAlc are the most important risk factors for DR. The use of ML in
ophthalmology has the potential to change how diseases are diagnosed. ML is an adjunct, not a replacement,
tool in clinical decision-making. External validation questioned. Best models perform in similar population
cohorts.[7].

111 Methodology

In this research it involves a number of steps such as gathering data, preprocessing, choosing the features,
developing a training model, validation these models, testing, and analyzing the results to have a thorough
understanding. See Fig 2.
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Fig 2: Methodology
A. Dataset
SOURCE- DATASET NAME - Diagnosis of Diabetic Retinopathy TEST IMAGES: 231 in number
IMAGES OF TRAIN NO.: 2076 IMAGES ELIGIBLE FOR USE: 531
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ABOUT THE DATASET - Diabetes-related retinopathy is rather frequent and impacts a significant portion of
those with long-term diabetes. Preventing eyesight loss and enhancing patient outcomes need early identification
and prompt treatment. On the other hand, manual interpretation of retinal pictures for the purpose of screening
for diabetic retinopathy can be laborious and prone to human error. An automated and 5precise technique that may
help medical practitioners grade the severity of diabetic retinopathy is thus desperately needed.

Diabetic retinopathy is currently diagnosed via labor- intensive manual labor and subjective evaluations, which
might result in inconsistent results and inefficiencies in the process. Moreover, the difficulties in early screening
and diagnosis are made worse by the rising incidence of diabetes and the scarcity of ophthalmologists. In order to
enable early intervention and individualized treatment strategies, a strong and dependable automated system that
can precisely diagnose and grade diabetic retinopathy must be developed.

DATASET DESCRIPTION - This dataset is made up of a sizable number of high-resolution retinal photos
taken in different imaging scenarios. Each picture has had a medical specialist evaluate if diabetic retinopathy is
present, and the evaluation is given a number between 0 and 1. See in figure 3, which corresponds to the
following categories:

Diabetic Retinopathy (DR) ---> 0
None (No_DR) Diabetic Retinopathy ---> 1

Retinopathy Iimages

No DR No DR

No_DR

No_DR

Fig 3: Dataset of Retinopathy Images
B. Model Selection

This article uses convolution neural networks, which are a subtype of Deep Learning neural networks commonly
used in computer vision. A computer can comprehend and analyse a picture or other visual data thanks to the
field of computer vision, which is a branch of artificial intelligence.

Convolutional neural networks use three-dimensional input to accomplish tasks like object recognition and
picture categorization. Artificial Neural Networks do remarkably well in machine learning. Many datasets,
including text, audio, and picture datasets, employ neural networks. [8] Different kinds of neural networks are
used for different purposes. For instance, recurrent neural networks—maore specifically, LSTMs—are used to
predict word sequences, whereas convolution neural networks are used to classify images. Deep learning
techniques are based on neural networks and are a subset of machine learning. They are made up of an input
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layer, an output layer, and node layers with one or more hidden levels. Every node has a threshold and a weight
that are connected to one another. A node transfers data to the next layer of the network and becomes active when
its output exceeds a predefined threshold value. If not, no data is sent to the network's next layer. [9][10]

CNNSs, or convolutional neural networks, are a particular kind of neural network that typically consist of the
following layers, as shown in figure 4:

. Convolution Layer (CONV) - The convolution layer (CONV) scans the input | in terms of its
dimensions using filters that carry out convolution operations.

[11] The filter size F and stride S are two of its hyperparameters. Activation map or feature map is the term used
to describe the final output O.

. Pooling (POOL) - Usually utilized as a down sampling procedure, the pooling layer (POOL) comes
after a convolution layer that offers some spatial invariance. There are specifically two forms of pooling: max
and average, which take the largest value and the average value.

. Fully connected (FC) - Because each neuron is linked to every other neuron, the fully connected layer
(FC) can process a flattened input. If present, FC layers [12] are frequently found near the conclusion of CNN
designs and are helpful for maximizing objectives such as class scores.

b & s O
f “" — — = ‘O
‘ \} | Ny L = P "- - 8
= N —
o S8 Re! 0
Input image Convolutions Pooling Fully Connected

Fig 4: Layers of CNN Types of Convolutional Neural Networks (CNN):

Convolutional neural network research was founded by Kunihiko Fukushima and Yann LeCun, respectively, in
their 1980 work "Backpropagation Applied to Handwritten Zip Code Recognition™ (1989). In particular, Yann
LeCun used backpropagation to teach neural networks to recognize patterns in a set of handwritten zip codes.
Throughout the 1990s, he and his colleagues carried out more research, which culminated in the creation of
"LeNet-5," a document recognition system that made use of the same concepts as earlier tests. Since then,
additional datasets like MNIST and CIFAR-10, as well as contests like the ImageNet Large Scale Visual
Recognition Challenge (ILSVRC), have given rise to several alternative CNN architectures. [13][14]. These
other architectures consist of, among others: AlexNet, VGGNet, GoogLeNet, ResNet, ZFNet. However, The
traditional CNN architecture is referred to as LeNet-5.

1V MODEL EVALUATION

Model assessment is the process of assessing a machine learning model's performance to ascertain how well it
produces predictions.

A.  Model Evaluation on Train Data (Training Dataset):

In order to maximize performance and guarantee generalizability, our model is evaluated through a thorough
training and validation procedure. This procedure revolves on the train_val function, which also implements a
learning rate schedule and manages the training epochs and performance indicators. Training a machine learning
model is made reliable and effective with the help of the train_val function. It keeps thorough records of the
training and validation procedures, dynamically modifies the learning rate, and guarantees that the optimal
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model is chosen based on validation results. Using this method aids in the development of highly-generalized
models that function well with unknown input. Using model.train(), the model is put into training mode.[15][16]
The loss_epoch method calculates the training data's metric and loss. Their individual histories are then
supplemented with these values. Model.eval() is used to convert the model to evaluation mode, at which point
the validation loss and metric are calculated without the need for gradient computations. In the event that the
validation loss for the current epoch is smaller than the best loss recorded thus far, the current model weights are
saved as the optimal model weights and are further saved to a specified file directory. This guarantees that the
best iteration of the model is kept. After that, their individual histories are supplemented with the validation loss
and metric.

——— loss_hist[“train”]
0.6 loss_hist["val"]

Fig 5: Plotting of Training and Validation Loss

In the above figure the number of epochs (from 1 to 60) is shown by the X-axis. This axis displays how the
training process has changed over time. The loss values, which show the mistake or difference between the
expected and actual values, are represented by the Y-axis. It is preferable to have lower loss values. The training
loss at each epoch is shown by the blue line. [17] In the beginning, the loss rapidly lowers, suggesting that the
model is learning and improving quickly. After then, it starts to decline more gradually while still making
progress, albeit more slowly. The validation loss at each epoch is represented by the orange line. This line first
decreases quickly before continuing to fall more slowly, much like the training loss.

/wa/xmf\A”J“’
0.90 7
0.85
0.80
0.75
0.70 —— Acc_hist["train"]
Acc_hist["val"]
0 10 20 30 40 50 60

Fig 6: Plotting of Training and Validation Accuracy

In the above figure the number of epochs (from 1 to 60) is shown by the X-axis. This axis displays how the
training process has changed over time. The accuracy values are represented on the Y-axis, which runs from
0.65 to 0.95. Greater accuracy values signify enhanced model performance.[18][19] The training accuracy at
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each epoch is represented by the blue line. The model is becoming better over time at using the training set of
data, as seen by the consistent increase in accuracy. The orange line indicates each epoch's validation accuracy.
This line shows that the model is becoming better at using the validation data as well, following a similar trend to
the training accuracy.

y_true, y_pred = ture_and_pred_val(train_loader, Retino_mode
1)
print(classification_report(y_true, y_pred), '\n\n')

Fig 7: Classification Model Based on Train Set

This bit of code is intended to assess how well Retino_model, a trained classification model, performs
on a particular dataset that train_loader provides. The code generates a complete evaluation report of the model's
performance metrics by first utilizing the Scikit-learn library's ture_and_pred_val function to generate the true
and predicted labels. Then, it uses the classification_report function to report the results.

precision

recall

f1-score

support

e.a 8.98 a.e1 8.94 1858

1.8 8.9 8.98 8.94 1826

accuracy 8.94 2876
macro awvg 8.95 e.94 a8.94 2876
weighted avg 8.95 e.94 8.94 2876

Fig 8: Result for Classification Model based on Trainset

As shown in figure 8, the model has good recall, accuracy, and F1-scores for both classes. With an accuracy rate of
94% overall, good performance is shown. The near weighted and macro average values imply that the dataset's
class distribution is reasonably balanced. This comprehensive report aids in comprehending the model's overall
performance as well as its advantages and disadvantages for each class.

B. Model Evaluation on Testing Data (Testing Dataset):

y_true, y_pred = ture_and_pred_val(val_loader, Retino_mo
del)
print(classification_report(y_true, y_pred), '\n\n')

Fig 9: Classification Model Based on Testing Set

This function uses validation data from val_loader to assess the Retino_model's performance. Scikit-learn's
classification_report function is used to examine the true and predicted labels, which are provided by the
ture_and_pred_val function.

precision recall fl1-score support

. a.96 a.90 8.93 245

1.8 a.92 a.97 a.94 286

accuracy a.94 531
macro avg a.94 8.93 a.94 531
weighted awvg a.94 a.94 a.84 531

Fig 10: Result for Classification Model Based on Validation Set

2738



Tuijin Jishu/Journal of Propulsion Technology
ISSN: 1001-4055
Vol. 45 No. 3 (2024)

The classification report, the model has excellent accuracy, recall, and F1-scores for both classes on the
validation dataset. With an overall accuracy of 94%, the model has categorized 94% of the validation examples
correctly. Both the weighted and macro averages are high, indicating equitable performance throughout the
courses.[20] The model appears to be somewhat more adept at detecting instances of class 1 based on the
somewhat lower recall for class 0 (0.90) when compared to class 1 (0.97).

V Result

In order to save diabetic patients from suffering permanent vision damage, this work explores the automated
identification and classification of diabetic retinopathy from retinal fundus pictures using convolutional neural
networks (CNNs). In order to maximize performance measures like accuracy, sensitivity, and specificity, a
thorough investigation of many CNN architectures and training procedures, including transfer learning
algorithms and augmentation approaches, is conducted. The outcomes of the experiments show how effective
CNNs are in obtaining high accuracy levels in this field. In addition, the study addresses model interpretability,
dataset biases, and clinical deployment, all of which are relevant to the overall goal of using Al-driven solutions
to treat and detect diabetic retinopathy early and improve the quality of care for diabetic patients worldwide.
From the valid dataset the algorithm detects the retinopathy by real image classifies the image and predicts the
class with 0’s (Diabetic Retinopathy) and 1’s (No Diabetic Retinopathy) as shown in figure below.

Predicted class:
Predicted class:
Predicted class:
Predicted class:
Predicted class:
Predicted class:
Predicted class:
Predicted class:
Predicted class:
Predicted class:
Predicted class:
Predicted class:
Predicted class:
Predicted class:
Predicted class:
Predicted class:
Predicted class:
Predicted class:
Predicted class:
Predicted class:
Predicted class:

O = = O = OO =0 = ® =0 - ee-e-- D -

Predicted class:

Fig 11: Predicted Class
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precision recall f1-score support

0.6 08.98 .98 0.94 113

1.8 8.91 8.98 8.95 118

accuracy 9.94 231

macro avg 8.95 8.94 9.94 231

weighted avg 08.95 8.94 09.94 231
Fig 12: Result

The model performs well on both classes, as seen by the classification report, which displays good accuracy,
recall, and F1-scores. The model has a somewhat higher recall (0.98) for class 1.0 than for class 0.0 (0.90),
suggesting that it is more adept at locating examples of class 1.0. The model appears to be dependable and
efficient in categorizing the specified classes, as evidenced by its overall high accuracy, balanced macro, and
weighted averages.

VI Conclusion

Through early detection, the study shows how effective Convolutional Neural Networks (CNNs) may be in
averting irreparable eye impairment in diabetes individuals. When it comes to automatically identifying and
categorizing diabetic retinopathy from retinal fundus pictures, CNNs are quite successful. By thoroughly
analysing various CNN architectures and training methods, including transfer learning and data augmentation,
the research achieves high precision, sensitivity, and specificity in model performance. The classification report
further demonstrates the model's robustness and accuracy, with high precision, recall, and F1- scores for both
classes, and a slightly better recall for class

1.0 (0.98) compared to class 0.0 (0.90). This balanced performance, indicated by the overall high accuracy and
macro and weighted averages, underscores the model's reliability and effectiveness. Additionally, the study
addresses critical challenges such as dataset biases, interpretability of deep learning models, and clinical
deployment, highlighting the feasibility and impact of Al- driven solutions in improving healthcare outcomes
for diabetic patients on a global scale.
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