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Abstract: Diabetic Retinopathy (DR) poses a significant threat to vision when left untreated, necessitating
accurate and timely diagnosis. This research proposes an innovative approach to enhance DR diagnosis
accuracy using a hybrid Convolutional Neural Network (CNN) model. Leveraging the strengths of ResNet50
and InceptionV3 architectures, the model aims to extract intricate features from fundus images, crucial for early
DR detection. The challenge lies in identifying DR in its early stages when symptoms are subtle, impeding
automated methods' accuracy. By integrating additional models like DenseNet and Xception, potential accuracy
surpassing 97% is anticipated. Furthermore, an extension entails developing a user-friendly frontend using
Flask framework with authentication, facilitating user testing. This holistic approach not only promises
improved DR classification but also underscores the importance of timely intervention, mitigating vision loss
risks associated with this debilitating condition.
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I. INTRODUCTION

Diabetic retinopathy (DR) is a debilitating complication of diabetes mellitus, particularly affecting the
eyes and potentially leading to vision impairment or blindness if not managed promptly [1]. With the prevalence
of diabetes on the rise globally, DR poses a significant public health concern, necessitating effective screening
and management strategies. The burden of DR is projected to escalate dramatically in the coming decades,
especially among certain demographic groups such as Hispanic Americans [2]. Early detection of DR is
paramount in preventing irreversible vision loss, yet manual diagnosis by ophthalmologists is time-consuming
and labor-intensive [3]. This poses challenges, particularly in regions with limited access to specialized
healthcare professionals.

The pathogenesis of DR is multifactorial, with chronic hyperglycemia playing a central role in
initiating and exacerbating retinal vascular abnormalities [4]. The duration of diabetes is a key determinant of
DR development, highlighting the importance of early and sustained glycemic control in mitigating its
progression [5]. However, many individuals with diabetes remain unaware of their risk for DR, leading to
delayed diagnosis and treatment initiation [1]. Consequently, there is a pressing need for accessible and efficient
methods for DR screening and diagnosis.

DR manifests through distinct stages, each characterized by specific retinal changes and associated
clinical implications [6]. Non-proliferative diabetic retinopathy (NPDR) represents the early stage, marked by
microaneurysms, retinal hemorrhages, and lipid exudates [7]. Progression to proliferative diabetic retinopathy
(PDR) signifies a more advanced disease state, characterized by neovascularization, fibrovascular proliferation,
and potential complications such as vitreous hemorrhage and tractional retinal detachment [8]. These
progressive changes underscore the importance of timely intervention and close monitoring to prevent
irreversible vision loss.

In recent years, there has been growing interest in leveraging advancements in artificial intelligence,
particularly deep learning techniques, to automate DR detection and classification [9]. Deep learning models,
such as convolutional neural networks (CNNSs), have demonstrated remarkable capabilities in image recognition
and classification tasks, making them promising tools for analyzing retinal images [10]. By harnessing the
power of deep learning, researchers aim to develop robust algorithms capable of accurately detecting and
staging DR, thereby facilitating early intervention and improving patient outcomes [11].
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The proposed deep learning model for DR detection builds upon existing neural network architectures,
including InceptionV3 and ResNet50 [12]. These models have been widely adopted in the computer vision
community for their superior performance in image classification tasks [13]. By fine-tuning these pre-trained
networks on large datasets of retinal images, researchers aim to enhance their ability to discern subtle retinal
abnormalities indicative of DR [14]. The integration of multiple neural network architectures enables a
comprehensive analysis of retinal features, improving the model's sensitivity and specificity in detecting DR.

In this introduction, we will delve into the epidemiology and pathophysiology of DR, highlighting the
need for improved screening and diagnostic modalities. We will also discuss the role of deep learning in
automating DR detection and classification, focusing on the potential of neural network models such as
InceptionV3 and ResNet50. Finally, we will outline the objectives and significance of the proposed research in
advancing the field of automated DR diagnosis.

Il. LITERATURE SURVEY

Diabetic retinopathy (DR) is a significant complication of diabetes mellitus, impacting millions of
individuals worldwide. Traditional methods of DR detection rely on manual examination of retinal images by
trained clinicians, which can be time-consuming and subject to inter-observer variability [1]. In recent years,
there has been a growing interest in leveraging computer-aided diagnosis systems to automate DR detection and
classification, thereby improving efficiency and accuracy in screening programs [2].

Akara and Uyyanonvara (2007) proposed an automated method for exudates detection from DR retinal
images using fuzzy C-means clustering and morphological techniques [1]. Their approach aimed to identify
exudates, a common feature of DR, through segmentation and analysis of retinal images. By combining fuzzy
C-means clustering with morphological operations, the authors demonstrated promising results in detecting
exudates, highlighting the potential of computer-aided techniques in DR diagnosis.

Similarly, Deepika et al. (2004) developed an automated system for the detection and classification of
vascular abnormalities in diabetic retinopathy [2]. Their approach utilized image processing algorithms to
identify vascular lesions such as microaneurysms and hemorrhages, which are indicative of DR progression. By
integrating feature extraction and classification techniques, the authors achieved accurate detection of vascular
abnormalities, laying the foundation for automated DR screening systems.

Li et al. (2005) proposed an automatic grading system for retinal vessel caliber, a key parameter in
assessing DR severity [3]. Their method involved the segmentation of retinal vessels followed by quantification
of vessel caliber using image analysis techniques. By correlating vessel caliber measurements with DR severity
levels, the authors demonstrated the potential of automated systems in grading DR and monitoring disease
progression.

Trucco et al. (2013) addressed the validation challenges associated with retinal image analysis
algorithms, emphasizing the importance of robust evaluation methodologies [4]. Their work highlighted the
need for standardized datasets and evaluation protocols to assess the performance of DR detection algorithms
accurately. By proposing a comprehensive validation framework, the authors aimed to facilitate the translation
of research findings into clinical practice, ensuring the reliability and efficacy of automated DR screening
systems.

Vimala and Kajamohideen (2014) proposed a method for the diagnosis of diabetic retinopathy by
extracting blood vessels and exudates from retinal color fundus images [5]. Their approach involved the
segmentation of retinal structures followed by feature extraction and classification. By leveraging image
processing techniques, the authors achieved accurate detection of DR-related abnormalities, highlighting the
potential of automated systems in assisting clinicians with early diagnosis and treatment.

Bilal et al. (2022) developed Auto-prep, an efficient and automated data preprocessing pipeline for
retinal image analysis [6]. Their pipeline aimed to standardize image acquisition and preprocessing steps,
ensuring consistency and reproducibility in DR detection algorithms. By automating data preprocessing tasks,
the authors addressed a critical aspect of DR research, streamlining the development and evaluation of
automated screening systems.

Wilkinson et al. (2003) proposed international clinical severity scales for diabetic retinopathy and
diabetic macular edema, providing standardized criteria for disease classification [7]. Their scales aimed to
facilitate communication among clinicians and researchers, enabling consistent grading of DR severity across
different healthcare settings. By establishing international standards, the authors aimed to improve the accuracy
and reliability of DR diagnosis, ultimately enhancing patient care and management.

Ram et al. (2011) introduced a clutter-rejection-based approach for early detection of diabetic
retinopathy, focusing on the identification of subtle retinal abnormalities [8]. Their method involved successive
processing stages for clutter rejection and feature extraction, followed by classification using machine learning
algorithms. By emphasizing the importance of clutter rejection in DR detection, the authors addressed a critical
challenge in automated screening systems, improving sensitivity and specificity in early disease detection.
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Overall, the literature highlights the significant progress in automated DR detection and classification,
driven by advancements in image processing, machine learning, and validation methodologies. By leveraging
computer-aided diagnosis systems, researchers aim to improve the efficiency and accuracy of DR screening
programs, ultimately reducing the burden of vision loss associated with this debilitating condition.

. METHODLOGY
a) Proposed work:

The project introduces a Hybrid Convolutional Neural Network (CNN)[16] model for automatic
diabetic retinopathy classification from fundus images. Leveraging ResNet50 and Inceptionv3d [30]
architectures, known for their exceptional feature extraction capabilities, the hybrid model aims to enhance
classification accuracy by extracting a comprehensive set of features from fundus images. Additionally,
DenseNet201[15] and Xception architectures are incorporated to further improve classification performance,
with Xception demonstrating impressive accuracy rates. Moreover, a user-friendly front-end interface using the
Flask framework facilitates seamless interaction with the system, allowing healthcare professionals to analyze
fundus images conveniently. The system ensures data security through user authentication features, enhancing
privacy and instilling confidence in users regarding the protection of their medical data. This comprehensive
approach aims to improve the efficiency and accuracy of diabetic retinopathy detection, ultimately aiding in
timely intervention and treatment to prevent vision loss.

b) System Architecture:

The system architecture comprises several key components for diabetic retinopathy classification. It
begins with the input of fundus image data sets, followed by image processing techniques to preprocess and
enhance image quality. The preprocessed data are then divided into training and test sets for model development
and evaluation. Three different models are trained: ResNet50, InceptionV3, and a hybrid CNN model combining
InceptionV3 and ResNet50. Each model undergoes training using the training set, leveraging their respective
architectures for feature extraction and classification. After training, the models are tested using the test set to
evaluate their performance in diabetic retinopathy classification. Performance evaluation metrics are employed
to assess the accuracy, precision, recall, and F1-score of each model. This systematic approach ensures the
robustness and efficacy of the diabetic retinopathy classification system, providing accurate diagnoses for early
intervention and treatment.

TEST ST |
- PERORMANCE FVALUAT

Fig 1 Proposed Architecture

c) Dataset collection:

Data set collection for diabetic retinopathy classification involves accessing publicly available datasets
specifically curated for this purpose. These datasets typically comprise fundus color images and optical
coherence tomography (OCT) scans of the retina. Fundus images provide a detailed view of the back of the eye,
allowing for the visualization of retinal abnormalities associated with diabetic retinopathy. OCT scans offer
additional insights into retinal thickness and structure, aiding in the diagnosis and classification of the disease.
These datasets serve as invaluable resources for training, validating, and testing machine learning systems
dedicated to diabetic retinopathy detection. By utilizing standardized datasets, researchers can ensure the quality
and consistency of data inputs, enabling the development of robust and generalizable models for accurate
diagnosis and management of diabetic retinopathy.

Www.irjes.com 176 | Page



Integrating Convolutional Neural Network Architecture for Automatic Diabetic ..

ElEjejefefe]sia] |
HEANAAAAEE

Fig Data Set

d) Image processing:

Data processing for diabetic retinopathy classification involves several steps using the
ImageDataGenerator and CNN model. Initially, the ImageDataGenerator is utilized for preprocessing the
images, including rescaling, shear transformation, zooming, horizontal flipping, and reshaping. This ensures
uniformity and variation in the dataset, enhancing model robustness. Subsequently, feature extraction is
performed using a CNN model, where images are read, resized, and converted to a consistent color format. The
processed images are then appended with corresponding labels and converted into numpy arrays for efficient
computation. Label encoding is applied to convert categorical labels into numerical format, facilitating model
training. This comprehensive data processing pipeline ensures that input images are appropriately preprocessed
and formatted for training, enabling the CNN model to effectively extract relevant features and classify diabetic
retinopathy with high accuracy.

e) Algorithms:
ResNet

ResNet,[28] short for Residual Network, is a deep learning architecture renowned for its ability to
effectively train very deep neural networks. It introduces skip connections or residual connections, which enable
the model to learn residual functions, making it easier to optimize and prevent degradation in accuracy with
increasing network depth. In the project, ResNet50 [28]is utilized as part of the CNN model for feature
extraction from fundus images. Its deep architecture allows for the hierarchical extraction of features crucial for
diabetic retinopathy classification, enhancing the model's ability to accurately detect and classify retinal
abnormalities.

Inception

Inception,[30] also known as GoogLeNet, is a deep learning architecture notable for its inception
modules, which efficiently capture both local and global features within an image. These modules utilize
multiple convolutions with varying filter sizes to extract diverse features. In the project, InceptionVV3[30] is
employed as part of the CNN model for feature extraction from fundus images. Its inception modules enable the
model to capture a wide range of intricate features associated with diabetic retinopathy, enhancing classification
accuracy by providing a comprehensive representation of retinal abnormalities at different scales.
IR-CNN
IR-CNN, or Inception-ResNetCNNJ[18], is a hybrid deep learning architecture combining the strengths of
Inception and ResNet models. It leverages the efficient feature extraction of Inception modules and the
optimization benefits of residual connections from ResNet. In the project, IR-CNN is utilized as part of the CNN
model for diabetic retinopathy classification. By integrating both architectures, IR-CNNJ[18] effectively captures
a diverse range of features from fundus images, enabling accurate detection and classification of retinal
abnormalities associated with diabetic retinopathy. This fusion approach enhances the model's performance and
robustness in identifying subtle and complex patterns indicative of the disease.
DenseNet
DenseNet, short for Dense Convolutional Network, is a deep learning architecture known for its densely
connected layers. Unlike traditional convolutional neural networks (CNNs), where each layer is connected only
to its subsequent layers, DenseNet[15] connects each layer to every other layer in a feed-forward fashion. This
facilitates feature reuse and gradient flow throughout the network, enhancing parameter efficiency and
promoting feature propagation. In the project, DenseNet201[15] is employed as part of the CNN model for
feature extraction from fundus images. Its dense connectivity enables the model to effectively capture intricate
features crucial for accurate diabetic retinopathy classification.
Xception
Xception[17] is a deep learning architecture renowned for its extreme inception-inspired design, where
traditional convolutional layers are replaced with depthwise separable convolutions. This architecture aims to
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capture complex features efficiently while reducing computational complexity. In the project, Xception[17] is
utilized as part of the CNN model for feature extraction from fundus images. Its depthwise separable
convolutions enable the model to effectively capture intricate details crucial for diabetic retinopathy
classification, while significantly reducing computational resources required during training and inference. This
makes Xception[17] a powerful tool for accurate and efficient detection of retinal abnormalities associated with
diabetic retinopathy.

V. EXPERIMENTAL RESULTS
Accuracy: The accuracy of a test is its ability to differentiate the patient and healthy cases correctly. To
estimate the accuracy of a test, we should calculate the proportion of true positive and true negative in all
evaluated cases. Mathematically, this can be stated as:
Accuracy = TP+ TN TP + TN + FP + FN.

TP + TN
Accuracy =

TP + TN + FP + FN

Classification Performance

Xception
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IR-CNM

Inception

ResNet
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Fig 3 ACCURACY COMPARISON GRAPH

Precision: Precision evaluates the fraction of correctly classified instances or samples among the ones classified
as positives. Thus, the formula to calculate the precision is given by:
Precision = True positives/ (True positives + False positives) = TP/(TP + FP)
True Positive
True Positive+False Positive

Precision =

Classification Performance

Xception

DenseNet

IR-CNN

Inception

ResNet

I T T T T T
00 0.2 0.4 0.6 k] 1a
Precision Score

Fig 4 PRECISION COMPARISON GRAPH

Recall: Recall is a metric in machine learning that measures the ability of a model to identify all relevant
instances of a particular class. It is the ratio of correctly predicted positive observations to the total actual
positives, providing insights into a model's completeness in capturing instances of a given class.
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Fig 5 RECALL COMPARISON GRAPH

F1-Score: F1 score is a machine learning evaluation metric that measures a model's accuracy. It combines the
precision and recall scores of a model. The accuracy metric computes how many times a model made a correct
prediction across the entire dataset.
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Fig 6 F1 SCORE COMPARISON GRAPH

ML Model Accuracy Precision Recall F1_score
ResNet 0.652 0.787 0.488 0.600
Inception 0.734 0.809 0.646 0.717
IR-CNN 0.463 0.532 0345 0.417
f)‘e‘::;:: 0.975 0.977 0.975 0975

Fig 7 PERFORMANCE EVALUATION TABLE
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V. CONCLUSION

In conclusion, the project highlights the efficacy of leveraging deep learning models, such as ResNet50
and InceptionV3, for diabetic retinopathy (DR) detection. By combining features extracted from these models,
the system enhances its ability to capture intricate DR characteristics present in fundus images, enabling
accurate classification results. The emphasis on early detection and treatment underscores the importance of
automated DR detection systems in mitigating diabetic vision loss. Additionally, the extension of the project to
incorporate Xception and DenseNet showcases the versatility of deep learning architectures in medical image
analysis tasks. The integration of a user-friendly Flask interface with secure authentication further enhances the
system's usability and data protection measures, improving user experience and trust. Overall, this project
contributes to advancing automated DR detection systems, with potential applications in broader medical image
analysis domains, ultimately benefiting patients by facilitating timely diagnosis and intervention for improved
clinical outcomes.
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VI. FUTURE SCOPE

The feature scope of the hybrid convolutional neural network (CNN) model for automatic diabetic
retinopathy classification from fundus images encompasses several key aspects. Firstly, the model aims to
leverage the strengths of different CNN architectures, such as ResNet50, InceptionV3, Xception, and DenseNet,
for comprehensive feature extraction. This includes capturing hierarchical, local, and global features associated
with diabetic retinopathy. Additionally, the model incorporates advanced image processing techniques, such as
rescaling, shear transformation, zooming, and horizontal flipping, to enhance data variability and robustness.
Furthermore, the model implements feature selection mechanisms to identify discriminative features indicative
of diabetic retinopathy, contributing to accurate classification. The scope also involves the integration of a user-
friendly interface using the Flask framework, enabling easy interaction and testing of the model. Overall, the
feature scope encompasses a holistic approach towards developing an efficient and accurate system for diabetic
retinopathy classification, integrating advanced CNN architectures with sophisticated image processing and
user-friendly interface design.
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