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Abstract— Diabetic Retinopathy (DR) is a severe complication of
diabetes that can lead to blindness if not detected early. With the
growing prevalence of diabetes, timely diagnosis of DR is crucial.
Traditional methods rely on manual examination of retinal images
by ophthalmologists, which can be time-consuming and error-prone.
This project aims to automate DR detection using deep learning,
specifically leveraging the ResNet101 architecture. We use the
EyePACS dataset, which contains retinal images labeled with five
DR severity levels: No DR, Mild DR, Moderate DR, Severe DR, and
Proliferative DR.

Our approach uses transfer learning by fine-tuning the pre-trained
ResNet101 model to adapt it to the task of DR classification. Data
augmentation techniques, such as rotation and flipping, are applied
to enhance the model's ability to generalize across different image
conditions. The model achieves high accuracy in predicting DR
severity, offering reliable predictions with confidence levels.
Standard metrics like accuracy, precision, and F1-score are used to
evaluate the model’s performance. This automated system can assist
healthcare professionals by providing a scalable solution for early
DR detection.

Keywords— Diabetic Retinopathy, Deep Learning, ResNet101,
Transfer Learning, EyePACS, Medical Image Classification.

I. INTRODUCTION

iabetic Retinopathy (DR) is a leading cause of blindness
in the adults world-wide. As a complication of diabetes,

DR occurs when high blood sugar levels damage the
blood vessels in the retina, the light-sensitive tissue at the back
of the eye. In its early stages, DR may not exhibit noticeable
symptoms, but as it progresses, it can cause vision problems

and, ultimately, permanent vision loss. With the global rise in
diabetes cases, the need for early detection of DR has never been
more urgent. According to the World Health Organization
(WHO), diabetes-related vision impairments are a growing
public health concern, especially in low-resource settings where
access to specialized care is limited. Traditionally, diagnosing
DR involves a manual review of retinal images by trained lot of

ophthalmologists, a process that can be slow and subject to the
variability in human judgment. This bottleneck in the healthcare
system, coupled with the increasing burden of diabetes, calls for
an automated solution that can assist in large-scale screening
and early diagnosis. Advances in deep learning, particularly
with convolutional neural networks (CNNSs), have opened new
avenues for automated medical image analysis. These models
can learn complex patterns in retinal images and classify them
with high accuracy, thus enabling faster and more reliable DR
detection.

Traditionally, diagnosing DR involves a manual review of
retinal images by trained ophthalmologists, a process that can
be slow and subject to variability in human judgment. This
bottleneck in the healthcare system, coupled with the increasing
burden of diabetes, calls for an automated solution that can
assist in large-scale screening and early diagnosis. Advances in
deep learning, particularly with convolutional neural networks
(CNNs), have opened new avenues for automated medical
image analysis. These models can learn complex patterns in
retinal images and classify them with high accuracy, thus
enabling faster and more reliable DR detection.
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In this project, we leverage ResNet101, a deep convolutional
neural network known for its exceptional performance on image
classification tasks. By using transfer learning, where a pre-
trained ResNet1l01 model is fine-tuned on the EyePACS
dataset—a large collection of retinal fundus images labeled with
different stages of DR—we aim to build a system capable of
detecting diabetic retinopathy at varying levels of severity. The
automated detection system classifies images into five
categories: No DR, Mild DR, Moderate DR, Severe DR, and
Proliferative DR, helping to prioritize patients who require
immediate attention and treatment.

It minimises the risk and enables early detection of the diabetic
retinopathy and the patients can start mitigating the risks and get
cured by early diagnosis and treatment.

By automating the detection process, we aim to assist healthcare
professionals in providing faster, more accurate diagnoses,
enabling early intervention and also reducing the risk of vision
loss for millions of patients.

Fig. 1 Fundus image, showing several common signs of diabetic
retinopathy (Source: Wikipedia, Diabetic Retinopathy)

This project focuses on developing a deep learning model to
detect diabetic retinopathy (DR) from retinal images using the
ResNet101 architecture. The model is trained on the EyePACS
dataset, which includes a diverse set of retinal images labeled
according to the severity of diabetic retinopathy, ranging from
No DR to Proliferative DR.

The process begins with data preprocessing, where the images
are resized to a uniform size and normalized to fit the input
requirements of ResNetl0l. Data augmentation techniques,
such as rotation and flipping, are applied to enhance the model's
ability to generalize across different variations of retinal images.
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Once the data is prepared, the ResNet101 model is fine-tuned
using transfer learning, allowing it to adapt to the specific
features indicative of diabetic retinopathy. After training, the
model can accurately classify new retinal images, providing
healthcare professionals with rapid and reliable diagnostic
support. The project ultimately aims to improve early detection
of diabetic retinopathy, facilitating timely interventions and
reducing the risk of vision loss in patients.

The paper is organized as follows- Section Il summarizes the
related literature. Section 111 introduces the proposed anomaly
detection approach. Section IV details the experiments and
presents the evaluation results, while Section V further
discusses the results interpretation and makes comparisons.
Finally, conclusion and future research directions are presented
in Section VI.
I1. LITERATURE REVIEW

The automated detection of diabetic retinopathy has garnered
significant interest in recent years, with numerous studies
exploring the effectiveness of deep learning models in this
domain. This literature survey highlights some of the key
contributions to the field, showcasing various methodologies
and their outcomes.

[1] Lechner et al. (2017) conducted a comprehensive study on
the application of deep learning for the classification of diabetic
retinopathy using convolutional neural networks (CNNSs). Their
research demonstrated that CNNs, when trained on large
datasets, significantly outperform traditional machine learning
methods in DR detection. They emphasized the importance of
data preprocessing and augmentation techniques in enhancing
model performance, particularly in medical image analysis.

[2] Gulshan et al. (2016) introduced a deep learning algorithm
that achieved human-level performance in detecting diabetic
retinopathy from fundus photographs. Their model utilized a
modified version of Inception-V3 and was trained on a large
dataset, achieving a sensitivity of 90.5% and specificity of
98.1%. This study provided compelling evidence that deep
learning could serve as an effective diagnostic tool for DR,
potentially reducing the workload on ophthalmologists.

[3] Liu et al. (2020) investigated the use of transfer learning with
various pre-trained models, including ResNet50 and
ResNet101, for DR detection. They reported that using
ResNet101 led to higher accuracy compared to other
architectures, making it a suitable choice for medical image
classification tasks. Their findings support the notion that pre-
trained models can effectively leverage learned features from
large datasets, resulting in improved diagnostic performance.

[4] Abramoff et al. (2018) developed an automated DR
detection system that integrated deep learning algorithms with
traditional imaging techniques. Their study highlighted the
system's high accuracy and its potential for use in clinical
settings. The authors argued that such automated systems could
facilitate earlier diagnosis and treatment, ultimately improving
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patient outcomes.

[5] Khalid et al. (2020) performed a comparative analysis of
various deep learning models, including CNNs and ensemble
methods, for DR detection. Their results indicated that ensemble
models outperformed individual CNN architectures, achieving
higher accuracy and robustness in classification. This study
underscored the potential benefits of combining multiple
models to enhance diagnostic accuracy.

[6] Zhu et al. (2021) explored the role of attention mechanisms
in improving the performance of deep learning models for DR
detection. They proposed an attention-based CNN that allowed
the model to focus on important regions in the retinal images.
Their approach significantly improved classification accuracy,
demonstrating the effectiveness of incorporating attention
mechanisms in medical imaging tasks.

[7] Dhingra et al. (2019) presented a review of various deep
learning techniques applied to DR detection. They summarized
the advancements in CNN architectures, data preprocessing
methods, and evaluation metrics used in recent studies. Their
review emphasized the ongoing challenges in the field,
including the need for larger annotated datasets and strategies to
handle class imbalance.
I1l. DIABETIC RETINOPATHY DETECTION MODEL

Building a deep learning model for diabetic retinopathy (DR)
detection involves several key stages: data preprocessing,
model architecture design, transfer learning, training, and
evaluation. This detailed breakdown will guide you through
each of these steps and the rationale behind the choices made
in the model-building process.

A. Model Architecture

For this project, we use ResNetlOl, a state-of-the-art deep
convolutional neural network. ResNet101 introduces residual
connections that help in training very deep networks by mitigating
the vanishing gradient problem. The residual connections allow
the model to learn identity mappings, ensuring that deeper layers
can still contribute to the learning process.

ResNet101 as Feature Extractor

ResNet101, pre-trained on the ImageNet dataset, has learned to
recognize a wide variety of features across images. By leveraging
transfer learning, we use the lower layers of ResNet101 as a
feature extractor, while replacing the final classification layer to
suit the task of diabetic retinopathy detection.

In the project:

e Feature extraction layers from ResNet101 are frozen,
which means they retain the learned weights from
ImageNet.

e The final layers of ResNet101 (the fully connected layers)

are replaced with custom layers designed for the specific
task of DR classification.

B. Data Preprocessing

Data preprocessing is a crucial step in preparing raw data for
training a model. The EyePACS dataset, which contains high-
resolution retinal images, presents several challenges, including
varying image sizes, lighting conditions, and levels of image
quality. Proper preprocessing ensures that the data is standardized
and that the model can generalize well across different conditions.

# Load the Labels
labels path = "C:/Users/samis/Downloads/PROJECT/trainLabels.csv/trainLabels.csv”
labels_df = pd.read_csv(labels_path)

labels_df['image'] = labels_df['image’
labels df = labels df['level’

+ '.jpeg’

"level’ .astype(str)

# Image data generater with more augmentation

datagen = ImageDataGenerator(
rescale=1./255,
validation_split=e.2,
horizontal_flip=True,
vertical flip=True,
zoom_range=0.3,
rotation_range=28,
width_shift_range=0.2,
height_shift_range=0.2,
shear_range=8.2

Fig. 2 Data Preprocessing
Steps in Data Preprocessing:

o Resizing: ResNetl01 expects input images to be of a
specific size. In this project, images are resized to 150x150
pixels. Although the original resolution of retinal images
is much higher, resizing is necessary to reduce
computational load and memory usage while preserving
enough detail for classification.

e Normalization: Pixel values in the images are normalized
to the range of [-1, 1] using the preprocess_input function
provided by Keras for ResNet architectures. This step
ensures that the model inputs are on the same scale as the
data the pre-trained ResNetl01 model was originally
trained on (ImageNet).

e Data Augmentation: Given the limited size of medical
datasets, data augmentation is used to artificially increase
the size of the training data and improve generalization.

Augmentation techniques include:

Rotation: Randomly rotate images to simulate different
perspectives of the retina.

Flipping: Apply horizontal and vertical flips to ensure the
model is invariant to orientation.

Zooming and shifting: Random zooming and translations
mimic different focal lengths and retinal cropping.
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C. Model Training

Training the Model

Training the model involves feeding the retinal images through
the network, computing the loss (the difference between predicted
and actual labels), and updating the weights of the network to
minimize this loss.

Loss Function and Metrics:

Since the task is a multi-class classification problem, we use
categorical cross entropy as the loss function. This function
compares the predicted class probabilities with the true labels,
penalizing the model more when the predictions are far off.

The model is compiled with the following settings:

e  Optimizer: We use the Adam optimizer, which is well-
suited for large datasets and adaptive learning rates.

e Learning Rate: Set to 1le-5, which is a smaller learning
rate, allowing for more careful fine-tuning of the model
without overshooting the minima of the loss function.

Callbacks for Training Optimization
We employ two callbacks:

1. Early Stopping: Stops training when the validation loss
stops improving, preventing overfitting.

2. ReduceLROnNPlateau: Reduces the learning rate when a
plateau in the loss is detected, allowing the model to
converge to a better solution.

Fine-Tuning and Transfer Learning

Transfer learning allows us to leverage the knowledge which
ResNet101 has gained from the ImageNet dataset and apply it to
a new, domain-specific problem. Fine-tuning the last 10 layers of
ResNet101 enables the model to adjust its higher-level features to
the intricacies of the EyePACS dataset, such as detecting
microaneurysms and other retinal abnormalities specific to DR.
Fine-tuning offers several advantages:

e Faster Convergence: Since most layers are pre-trained,
fewer updates are needed, leading to faster convergence
compared to training a model from scratch.

¢ Improved Performance: Fine-tuning allows the model to
adapt to new features without "forgetting” the general
features learned from ImageNet.

Fig. 3. Model Training
C. Evaluation

Evaluation is a fundamental aspect of any machine learning
project, particularly in the context of insider threat detection,
where the stakes are high, and accuracy is paramount. This
section outlines the methodologies and metrics employed to
assess the performance of our integrated detection framework,
focusing on the effectiveness of individual models as well as the
overall system.

The model is evaluated using multiple performance metrics,
which are essential to assess its accuracy and robustness in
classifying DR stages. To comprehensively evaluate the
performance of our detection models, we utilized several key
metrics:

Precision: This metric indicates the proportion of true positive
predictions among all positive predictions made by the model.
High precision is crucial in reducing false positives, which can
lead to unnecessary alerts and resource allocation.

Recall: Recall measures the proportion of true positive
predictions relative to the actual number of positive instances in
the dataset. A high recall rate is essential for ensuring that as
many actual threats as possible are identified, minimizing
missed detections.

F1-Score: The F1-score is the harmonic mean of precision and
recall, providing a balanced measure that accounts for both false
positives and false negatives. This metric is particularly useful
in scenarios where the class distribution is imbalanced, as it
combines both metrics into a single value.

Accuracy: While accuracy provides a general sense of the
model’s performance, it is particularly valuable when the class
distribution is relatively balanced. However, in the context of
anomaly detection, it must be interpreted with caution.

Confusion Matrix: Provides insight into the model’s
classification accuracy across the five classes. It highlights how
often the model confuses one stage of DR for another.

IV. IMPLEMENTATION AND RESULTS
The implementation of the diabetic retinopathy detection model

involves several key stages: data preprocessing, model building
using ResNet101, model training, and evaluation. This section

will provide a detailed breakdown of the model's
implementation and the results achieved.
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A. Datasets overview
Dataset Source:
(https://www.kaggle.com/competitions/diabetic-retinopathy-
detection/data)

The dataset used for this project is the EyePACS dataset, a
publicly available collection of retinal fundus images. These
images are labeled based on the severity of diabetic retinopathy
(DR), a complication of diabetes that affects the blood vessels
in the retina, potentially leading to blindness. The EyePACS
dataset is one of the largest datasets used for DR classification
and is a standard benchmark for deep learning models in
medical image analysis.

Dataset Details:

e Image Types: High-resolution retinal fundus images
taken under various conditions (different lighting,
angles, focus levels).

e Image Labels: Each image is categorized into one of
five classes based on the severity of DR:
= 0:NoDR
= 1: Mild DR
= 2: Moderate DR
= 3:Severe DR
= 4: Proliferative DR

e  Size: The dataset consists of 35,126 of images, each with
varying qualities. The challenge lies in differentiating
between subtle retinal changes indicative of DR
progression.

B. Environmental Setup

Data Preparation: Before starting the implementation, it is
essential to set up the environment with the required
dependencies, ensuring smooth development and training of the
deep learning model.

Hardware Requirements:

e GPU: A GPU with at least 6 GB VRAM (e.g., NVIDIA
RTX 4050) is recommended for efficient training, as it
significantly speeds up computation-heavy processes
like convolutional operations and backpropagation.

e RAM: At least 16 GB of RAM is recommended to
handle large datasets and training batches.

Software Requirements:

1. Operating System: Windows/Linux/MacOS.
2. Python Version: Python 3.10 (or higher).
3. Deep Learning Libraries:
» TensorFlow: For building and training the

neural network models.
»  Keras: Integrated with TensorFlow to provide

© 2025, [JSREM | www.ijsrem.com
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an easier API for model building.

4. Image Processing Libraries:
e OpenCV or Pillow: For image loading and
processing.
e Pandas: For handling CSV files containing
image paths and labels.
e Matplotlib/Seaborn: For visualizing training
metrics and confusion matrices.

Setting Up the Environment:

To install the necessary packages, you can use the following
commands within your Python environment using Anaconda:

Fig. 4. Environment Set-Up
C. Experimental Execution

Training the Model: The model is trained using the
preprocessed and augmented images. Early stopping and
learning rate reduction callbacks are used to optimize the
training process. Early stopping ensures that the model does not
overfit by stopping training when the validation loss stops
improving. The learning rate reduction dynamically adjusts the
learning rate when progress stagnates, allowing the model to
find a better solution.

[ 1: from tensorflow.keras.callbacks import EarlyStepping, ReduceLROnPlateau
# Callbacks for early stopping and learning rate reduction
EarlyStopping(monitor=" loss’, patience=5, restore_best_weights=True)
= ReducelROnPlateau(monitor='val_loss min_lr=le-7)

early_stopping =
reduce_1r

', factor=0.5, patience=3,

# Train the model

history = model.fit(
train_genera tor,
steps_per_epoch=train_generator.samples // train_generator.batch_size,
validation_data=validation

validation_steps=validatior

epochs=50,
callbacks=[early_stopping, reduce_lr

)

Fig. 5. Model Training.

D. Performance Evaluation

Evaluation Metrics: Each model's performance was assessed
using a comprehensive set of evaluation metrics, including
precision, recall, Fl-score and accuracy. These metrics
provided valuable insights into the models' effectiveness in
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Fig. 6. Model accuracy & loss graphs vs epochs
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e Accuracy: Measure of overall correctness of the model's

True Label
2
v
a
@

predictions.
m 20 1 77 59 12
TN+TP
Accuracy = TN FPLTP I FN
<+ 1 0 26 22 67
Were,
0 1 2 3 4
Predicted Label
e TP: True Positives (correctly predicted positives) Fig. 7. Model Performance based on Confusion Matrix

* TN: True Negatives (correctly predicted negatives)
* FP: False Positives (incorrectly predicted positives)

* FN: False Negatives (incorrectly predicted The ResNet101 based diabetic retinopathy detection model was
negatives) trained and evaluated on the EyePACS dataset, which contains
retinal images labeled into five categories: No DR, Mild DR,
e Precision: Proportion of correctly predicted insider threats Moderate DR, Severe DR, and Proliferative DR. This section
among all predicted threats. presents the detailed results, including model performance
metrics, a confusion matrix, and visual aids to help interpret the

model’s effectiveness.

V. RESULTS INTERPRETATION AND COMPARISONS

TP

TP+ FP The ResNet101-based deep learning model demonstrated strong
performance in detecting diabetic retinopathy across all severity
levels, particularly for extreme cases such as No DR and
Proliferative DR. The use of data augmentation, transfer
learning, and fine-tuning allowed the model to generalize well
to unseen data, achieving a high overall accuracy of 85%.

Precision =

o Recall (Sensitivity): Proportion of actual insider threats
correctly identified by the model.

TP

Recall = ——— The model's precision, recall, and F1 scores for each category
TP+ FN further highlight its robustness, especially in distinguishing
between Moderate and Severe DR, which are often challenging
e Fl-score: Harmonic mean of precision and recall, to differentiate. The confusion matrix shows strong performance
providing a balanced evaluation metric. with minimal misclassifications, particularly for the No DR and
Proliferative DR categories, where the model excelled. This
indicates that the model successfully captured critical features
Precision * Recall across all severity levels.

core Precision + Recall

To further validate the model's predictions, Grad-CAM
visualizations were generated, highlighting key retinal areas
e Confusion Matrix: It’s a table that shows where the model ~ associated with diabetic retinopathy. These heatmaps closely
gets confused. It compares the actual labels (true values) aligned with expert annotations, demonstrating the model's
with the predicted ones. potential to assist clinicians in identifying relevant retinal
features and supporting accurate diagnoses.
e Classification Report: It’s a summary of how well your
classification model performs. It shows key metrics:
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Overall, the ResNet101-based model demonstrated a strong
ability to accurately classify diabetic retinopathy across all
severity levels, making it a valuable tool for early detection and
treatment guidance. The combination of transfer learning, data
augmentation, and fine-tuning contributed significantly to the
model's high accuracy and generalization to new data. With its
impressive performance and the added interpretability through
Grad-CAM visualizations, this model holds promise for real-
world clinical applications, potentially aiding ophthalmologists
in diagnosing and managing diabetic retinopathy more
effectively.

Key Insights & Results Interpretation:

e The model is highly effective in distinguishing
between healthy retinas and advanced stages of DR.

e  The subtle differences between Mild and Moderate DR
are more challenging for the model to detect, but with
further training and additional data, this can be
improved.

e Data augmentation played a crucial role in improving
the model’s generalization ability, particularly for
images with varying lighting conditions and focus
levels.

Distribution of Predicted vs True Labels

Predicted
True

Frequency
8
2
E

2000

1000

0.0 05 10 15 2.0 25 3.0 35 4.0
Class

Fig. 8. Distribution of Predicted vs True Labels

VI. CONCLUSION AND FUTURE SCOPE

In this project, we implemented a deep learning model using
ResNet101, an extension of ResNet50 with more layers, to
classify medical images, particularly for detecting diabetic
retinopathy stages. The model was trained on a dataset of retinal
images categorized into classes such as No DR, Mild DR,
Moderate DR, and Severe DR. By leveraging transfer learning,
data augmentation, and optimization techniques, we achieved
promising results.

Key outcomes from the project:

e ResNet101, with its deeper architecture, was able to
capture more complex patterns and nuances in the retinal
images, leading to better classification performance.

e  Transfer learning from a pre-trained ResNet101 model
allowed the model to converge faster and perform well,
even with limited medical image data.

e Data augmentation helped prevent overfitting, enabling
the model to generalize better to unseen data.

e Class balancing through the use of class weights
addressed the inherent imbalance in the dataset,
especially with underrepresented categories.

o  Early stopping and learning rate scheduling were crucial
in ensuring efficient training and preventing overfitting.

Despite these promising results, the model could still be
improved with further fine-tuning and optimizations to ensure it
is suitable for real-world clinical applications.

Future Scope:

1. Fine-Tuning ResNetl101 Layers: While we used
transfer learning and froze the initial layers, unfreezing
some layers of ResNet101 for fine-tuning could help the
model learn more domain-specific features from the
medical images.

2. Explore Other Architectures: In addition to
ResNet101, experimenting with other deep architectures
like EfficientNet, InceptionVV3, or DenseNet may yield
even better results due to their efficiency and power in
handling medical image classification.

3. Larger Dataset: Expanding the dataset, particularly for
rare classes, will significantly improve the model’s
generalization. Utilizing other publicly available
diabetic retinopathy datasets or collaborating with
medical institutions to gather more images would
improve the model’s robustness.

4. Cross-Validation: Implementing k-fold cross validation
would provide a better evaluation of the model’s
performance by using multiple subsets of the dataset for
training and validation, leading to a more comprehensive
assessment.

5. Deployment as a Real-Time Tool: Once the model
achieves high accuracy, it can be deployed in clinical
settings as a real-time diagnostic tool, helping doctors
detect diabetic retinopathy by simply uploading an
image of a patient's retina.

6. Model Interpretability: Introducing methods like Grad-
CAM (Gradient-weighted Class Activation Mapping) or
LIME (Local Interpretable Model-agnostic
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Explanations) would make the model more interpretable.
This is critical in healthcare applications where
understanding why the model made a certain prediction
is important for validation by medical professionals.

7. Integrating with EHR Systems: Integrating the model
into Electronic Health Record (EHR) systems could
provide an end-to-end solution where retinal images are
automatically analyzed and the results are stored in
patient health records.

8. Multimodal Learning: Future work could involve
combining image data with patient metadata (such as
age, medical history, etc.) to create a multimodal
learning model. This might improve the model’s
performance by considering additional contextual
information about the patient’s health status.

9. Federated Learning for Privacy: If expanding the
dataset becomes a priority, federated learning could
allow the model to be trained on medical images from
different institutions while maintaining patient privacy.
This would help create a more generalized model
without the need to centralize sensitive medical data.

10. Clinical Trials and Validation: For the model to be
deployed in real-world clinical environments, it will
need to undergo extensive clinical trials and validation
with real-world data to ensure accuracy, safety, and
reliability in diverse patient populations.

The use of ResNet101 proved to be effective for the task of
diabetic  retinopathy  classification. ~ With  further
enhancements such as additional data, model fine-tuning, and
deployment strategies, this approach has the potential to
become an essential tool in automating the early detection of
diabetic retinopathy, thereby improving patient outcomes
through timely diagnosis and treatment.
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