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Abstract- This study presents a deep learning approach for the
classification of optical coherence tomography (OCT) retinal
images to identify various retinal diseases, including Acrima,
cataract, glaucoma, and normal retina, utilizing the ResNet-
50 model. The research leverages a diverse dataset consisting
of OCT images from multiple sources, encompassing the
Acrima, Cataract, Glaucoma, ODIR-5K, and ORIGA datasets,
as well as images of normal retinas. Data augmentation
techniques are applied to augment the dataset and enhance
model generalization. The ResNet-50 architecture, renowned
for its depth and performance is employed as the primary
classification model.
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I. INTRODUCTION
Optical coherence tomography (OCT) has emerged
as a valuable imaging modality for diagnosing and monitoring
various retinal diseases, offering high-resolution cross-
sectional images of the retina.

In this study, we propose a deep learning
classification approach using the ResNet-50 model to
automatically identify retinal diseases from OCT images. The
objective is to develop a robust and accurate system capable of
distinguishing between Acrima, cataract, glaucoma, and
normal retinas. The research leverages a diverse dataset
comprising OCT images sourced from multiple repositories,
including the Acrima, Cataract, Glaucoma, ODIR-5K, and
ORIGA datasets, as well as images of normal retinas. The
proposed methodology involves preprocessing the OCT
images to standardize dimensions and intensity levels,
followed by the application of data augmentation techniques
to augment the dataset and enhance model generalization.

Overall, this study contributes to advancing the field
of medical image analysis by demonstrating the effectiveness
of deep learning techniques, particularly the ResNet-50 model,
in the classification of OCT retinal images for disease
identification. The findings offer valuable insights into the
development of automated diagnostic tools for retinal
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diseases, with implications for improving healthcare delivery
and patient care.

Il. LITERATURE REVIEW

1. Liu et al. (2017): This study proposed a deep learning
framework for the automated classification of OCT
images into different retinal disease categories, including
glaucoma, diabetic retinopathy, and AMD. The authors
demonstrated the effectiveness of their approach in
achieving high accuracy and sensitivity, outperforming
traditional methods.

2. Burlina et al. (2017): In this research, a deep learning
system was developed for the automated detection of
diabetic macular edema (DME) from OCT images. The
model utilized a combination of convolutional neural
networks (CNNs) and a gradient boosting machine
(GBM) for improved accuracy and generalization to new
datasets.

3. Ting et al. (2019): This study focused on the automated
segmentation and classification of retinal layers in OCT
images using deep learning techniques. The proposed
model achieved accurate delineation of retinal boundaries
and demonstrated promising results for identifying
pathological changes associated with retinal diseases.

I1l. PROPOSED SYSTEM:

Our proposed system for deep learning classification
of optical coherence tomography (OCT) retinal images
consists of several key components designed to achieve
accurate and efficient diagnosis of retinal pathologies. The
system workflow can be outlined as follows:

3.1. FLOW CHART:
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3.2. DATA PREPROCESSING:

Data preprocessing plays a crucial role in preparing
optical coherence tomography (OCT) retinal images for deep
learning-based classification. Here's an overview of the typical
steps involved in preprocessing OCT images:

. Create a data module responsible for loading and
preprocessing OCT retinal images.

. Implement functions/classes for data augmentation,
data splitting, data preprocessing steps such as
resizing, normalization, and augmentation.

3.2.1. IMAGE
STANDARDIZATION:

ACQUISITION AND

. Collect OCT images from various sources, ensuring
consistency in imaging parameters (e.g., resolution,
field of view, image format).

e  Standardize image dimensions to a common
resolution, typically square dimensions (e.g.,
128x128x3 pixels), suitable for feeding into deep
learning models.
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Fig.1: NORMAL RETINA EYE

3.2.2. NORMALIATION
NORMALIZATION:

AND INTESITY

Normalize pixel values to a common scale (e.g., [0, 1]) to
facilitate convergence during model training and improve
numerical stability.

Normalize input images based on statistical properties of
the dataset.

Normalize pixel intensity values to enhance image quality
and reduce variations in illumination across different
images.

Apply techniques such as histogram equalization or
contrast stretching to standardize pixel intensity
distributions.

3.2.3. IMAGE AUGUMENTATION:

Augment the dataset by applying transformations such as
rotation, translation, flipping, and scaling to generate
additional training samples.

Data augmentation helps increase the diversity of the
dataset, making the model more robust to variations in the
input data and reducing the risk of over fitting.

3.2.4. DATA SPLITTING:

Split the dataset into training, validation, and test sets
to evaluate model performance and prevent over fitting.

3.3. MODULE CREATION:
3.3.1. MODULE ARCHITECTURE DESIGN:

e  Organize the code base into logical modules, each
responsible for specific functionalities such as data
loading, model architecture definition, training,
evaluation, and inference.

e  Create separate Python files or directories for each
module to maintain modularity and encapsulation.
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Fig.2: RESNET-50 ARCHITECTURE
3.3.2. DATA MODULE:

e  Create a data module responsible for loading and
preprocessing OCT retinal images.

) Implement functions/classes for data augmentation,
data splitting, data preprocessing steps such as
resizing, normalization, and augmentation.

3.3.3. MODEL MODULE:

e  Develop a model module for defining the architecture
of the deep learning model.

. Define classes/functions for constructing the neural
network architecture, including the ResNet-50 model
or other CNN architectures suitable for OCT image
classification.

. Include options for fine-tuning pre-trained models
and adjusting model hyper parameters.

3.4. CONVOLUTIONAL NEURAL NETWORK (CNN)
ARCHITECTURE:

The neural network architecture used for classifying
optical coherence tomography (OCT) retinal images typically
involves a convolutional neural network (CNN) due to its
effectiveness in extracting features from image data.
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Fig.3: CNN ARCHITECTURE
1. INPUT LAYERS:

This layer receives the input OCT image data, which
typically consists of 2D arrays of pixel values representing the
intensity or other characteristics of the retinal structures.

2. CONVOLUTIONAL LAYERS:

Convolutional layers apply filters (also called
kernels) to the input image, extracting features such as edges,
textures, and patterns. Multiple convolutional layers with
increasing numbers of filters capture increasingly abstract
features.

3. OUTPUT LAYERS:

The output layer produces the final predictions, with
each neuron corresponding to a class label. For multi-class
classification of retinal pathologies, the output layer typically
uses softmax activation to generate probabilities for each
class.

3.5. TESTING DATA:
3.5.1. MODULE TRAINING AND TESTING:
e  Train the CNN model on the labeled training dataset
using an appropriate optimization algorithm (e.g.,

RMSprop) and loss function (e.g., Sparse Categorical
Cross-Entropy).
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. Utilize techniques such as transfer learning and fine-
tuning to leverage pre-trained models and improve
the efficiency of training.

3.5.2. EVALUATION MODULE:

e Develop an evaluation module to assess the
performance of the trained model on validation and
test datasets.

o Implement functions/classes for calculating metrics
such as accuracy, precision, recall, Fl-score, and
confusion matrix.

. Include visualization tools for analyzing model
predictions and performance.

3.5.3. MODEL ACTIVE FUNCTION:

e  Activation functions are crucial components of neural
networks, including deep learning models used for
classification tasks such as optical coherence
tomography (OCT) retinal image classification.
Activation functions introduce non-linearity into the
network, allowing it to learn complex patterns and
relationships in the data.

. Sigmoid squashes input values to the range [0, 1],
making it suitable for binary classification tasks.
However, sigmoid may suffer from vanishing
gradients and saturation for large input values.

3.54. MAIN SCRIPT:

. Create a main script or Jupyter notebook to
orchestrate the workflow, import necessary modules,
and execute training, evaluation, and inference tasks.

. Use the main script for experimenting with different
hyper parameters, configurations, and model
variations.

IV. RESULTS AND DATABASES:

The results section presents the performance of the
trained ResNet-50 model in classifying OCT retinal images
for disease identification. Metrics such as accuracy, precision,
recall, and F1-score are reported, along with a confusion
matrix to visualize the model's performance across different
disease categories.

4.1. MODEL ACCURACY:
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Fig.4: MODEL ACCURACY

4.2. F1-SCORE:

Calculate the F1-score, which is the harmonic mean
of precision and recall, to account for both false positives and
false negatives. The F1-score provides a balanced measure of
the model's performance across different classes, especially in
the presence of class imbalance.

F1 score = 2xPrecisionxRecall

PrecisiontRecall

4.3. CONFUSION MATRIX:

A confusion matrix is a useful tool for evaluating the
performance of a classification model, providing a detailed
breakdown of the model's predictions compared to the ground
truth labels.

ACTUAL
_ TRUE FALSE
a POSITIVE | POSITIVE
£ a (TP) (FP)
K| FALSE TRUE
NEGATIVE | NEGATIVE
(FN) (TN)

The deep learning model achieved promising results in
the classification of OCT retinal images across different disease
categories. On the test dataset, the model demonstrated an
overall accuracy of 0.96, with sensitivity and specificity values
of 0.001 respectively. The area under the curve values for each
disease category were eyes Acrima, Glaucoma, Cataract, and
Normal indicating good discriminative performance.
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TABLE: 1
Parameters used for compiling various models.

PARAMETER VALUE

S
Activation Sigmoid
Function
Layer Sequential
Optimizer RMSprop

Learning Rate

0.001

Loss Function

Sparse Categorical Cross-
Entropy

Classes 6

Epoch 20

Accuracy 0.96

Loss 0.4

Types 'ACRIMA''CATARACT''GLA
UCOMA''ODIR-
5K','ORIGA''NORMAL'

4.4, OUTPUT:
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Fig.5: ODIR-5K DISEASE

V. CONCLUSION:

In conclusion, this study demonstrates the
effectiveness of deep learning, specifically the ResNet-50
model, in automated disease identification from OCT retinal
images. The proposed system shows promising results in
accurately diagnosing retinal diseases, thereby contributing to
improved patient care and outcomes in ophthalmology
practice. Future research directions include expanding the
dataset, exploring other deep learning architectures, and
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integrating the system into clinical workflows for real-time
disease identification.

Overall, the application of the ResNet-50 architecture
in the deep learning classification of OCT retinal images
represents a significant advancement in ophthalmic imaging
and diagnostics. Through continued research and collaboration
between clinicians, engineers, and data scientists, we can
harness the full potential of deep learning to improve patient
care and outcomes in the field of ophthalmology.
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