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Abstract

Optical Coherence Tomography (OCT) is a non-invasive imaging modality
widely employed for retinal disease diagnosis. However, manual interpreta-
tion of OCT images is time-consuming, subjective, and requires expert oph-
thalmological knowledge. This paper presents a deep learning-based frame-
work for the automated classification of retinal diseases, including Diabetic
Macular Edema (DME), Choroidal Neovascularization (CNV), Drusen, and
Normal retina. The proposed system integrates image preprocessing, transfer
learning-based feature extraction, and multi-class classification using pre-
trained convolutional neural networks. Three different model architectures—
VGG-16, ResNet-50, and a hybrid CNN-feature fusion model—are evaluated
on the Kermany OCT dataset. Experimental results demonstrate that the Res-
Net-50 model achieves the highest classification accuracy of 97.83%, outper-
forming VGG-16 (96.12) and the hybrid model (95.04%). Compared to previ-
ous studies reporting accuracies between 94.5% and 97.5%, the proposed ap-
proach shows improved diagnostic performance. The results highlight the po-
tential of deep learning-based OCT analysis to assist ophthalmologists in early
disease detection and clinical decision-making.

Keywords

OCT, Deep Learning, Retinal Disease, DME, Transfer Learning, Medical
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1. Introduction

Visual impairment caused by retinal diseases represents a major global healthcare
challenge. Conditions such as Diabetic Macular Edema (DME), Choroidal Neo-
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vascularization (CNV), and Age-related Macular Degeneration (AMD) can lead
to irreversible blindness if not diagnosed at an early stage [1] [2]. According to
the World Health Organization, millions of individuals worldwide suffer from vi-
sion loss due to retinal abnormalities. Optical Coherence Tomography (OCT) is
a non-invasive imaging technology that provides high-resolution cross-sectional
images of retinal layers [3] enables automated segmentation of retinal structures
for disease analysis [4]. It enables clinicians to visualize pathological changes such
as fluid accumulation, retinal thickening, and structural degeneration. Due to its
diagnostic capabilities, OCT has become a standard tool in ophthalmology for
monitoring retinal diseases. Despite its clinical importance, manual interpretation
of OCT scans is time-consuming and requires specialized expertise. Furthermore,
diagnostic decisions may vary among clinicians due to subjectivity. With the in-
creasing prevalence of diabetes and age-related ocular disorders, there is a grow-
ing demand for automated diagnostic systems. Recent advancements in deep learn-
ing have significantly improved the performance of medical image analysis systems
[5]. Convolutional Neural Networks (CNNs) can automatically learn hierarchical
feature representations from images and have demonstrated outstanding perfor-
mance in classification and segmentation tasks such as retinal layer extraction us-
ing U-Net architectures [6]. This study proposes a deep learning-based framework
for automated OCT image classification using transfer learning to achieve high
diagnostic accuracy with limited training data [7].

The main contributions of this paper are:
- A robust preprocessing pipeline for OCT image enhancement.
- A comparative analysis of three deep learning models.
- Mathematical formulation and algorithmic implementation.
- Performance evaluation using clinical metrics.

Several deep learning-based OCT classification studies have been reported in
the literature. Kermany et al. demonstrated CNN-based retinal disease classifica-
tion with an accuracy of approximately 96.6% [8]. ResNet-based models achieved
classification accuracies ranging from 97.0% to 97.5% [9], while DenseNet-based
approaches reported accuracies of around 95.8% [10]. Hybrid feature-based meth-
ods achieved approximately 94.5% accuracy [11]. Despite these advancements, chal-

lenges such as dataset imbalance and inter-device variability remain.

2. Dataset Description

The Kermany 2018 OCT dataset is a large-scale public dataset widely used for
retinal disease classification research. It contains more than 200,000 labeled OCT
B-scan images collected from multiple clinical centers. The dataset includes four
diagnostic categories: Normal, Diabetic Macular Edema (DME), Choroidal Neo-
vascularization (CNV), and Drusen. Images were acquired using different OCT
devices, ensuring data diversity and robustness. Each image represents a cross-
sectional view of the retina, illustrating pathological patterns such as fluid-filled

cysts, retinal thickening, and layer disruptions. All images were resized to 224 x
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224 pixels to match the input requirements of pretrained convolutional neural
networks.

1) Dataset Splitting and Leakage Prevention To ensure unbiased evaluation and
avoid data leakage, the Kermany OCT dataset was divided into training, valida-
tion, and testing sets using a stratified patient-level split. The dataset was parti-
tioned into 70% training, 15% validation, and 15% testing sets. Since OCT images
from the same subject may share structural similarities across visits, splitting was
performed at the patient level rather than image level. This ensures that images
from the same patient do not appear in both training and testing sets, thereby
preventing information leakage and improving the generalizability of the model.
Stratified sampling was employed to maintain class distribution consistency
across all subsets.

2) Class Distribution The dataset contains four diagnostic categories: CNV, DME,
Drusen, and Normal are shown in Figure 1. The number of images used in each

subset is shown in Table 1.

Table 1. Number of images per class in each data split.

Class Training Validation Testing

CNV 26,315 5638 5637

DME 11,348 2432 2432
DRUSEN 8616 1846 1845
NORMAL 21,068 4514 4514

To address dataset imbalance, class weighting was applied during training such
that minority classes (Drusen and DME) were assigned higher loss weights. This
improves recall performance and prevents bias toward majority classes.

- =
W e m;.)

Fibrotic Scar Subre

(c) (d)
Figure 1. Sample OCT images from the dataset (NORMAL, DME, CNV, DRUSEN).

3. System Architecture

The overall workflow of the proposed system is illustrated in Figure 2. The archi-
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tecture is designed as a sequential pipeline consisting of five major stages: image
acquisition, preprocessing, deep feature extraction, classification, and performance
evaluation. Each stage plays a critical role in ensuring accurate and reliable retinal

disease diagnosis from OCT images.

Conv 7x7,64
| NORMAL
Pool Conv2_x Conv3_x  Conv4_x Convb_x
— — S ! T F T T :
- 4 VoL v ¢ V 4 v N DME
r CNV
56x56 x 256 28x28x512 14x14x1024 7x7 x 2048
5 | DRUSEN
o Residual o identity Global Average FC Softmax
stages shortcut @ Pooling @ =

Figure 2. ResNet-50 architecture adapted for OCT retinal disease classification.

In the first stage, OCT images are acquired from the Kermany dataset, which
contains labeled retinal scans corresponding to Normal, DME, CNV, and Drusen
conditions. These images represent cross-sectional views of retinal layers and ex-
hibit varying levels of noise, contrast, and structural complexity. The second stage
involves image preprocessing to enhance visual quality and suppress noise arti-
facts. Techniques such as non-local means filtering are used to reduce speckle
noise, while anisotropic diffusion smooths irrelevant textures without degrading
edge information. Contrast Limited Adaptive Histogram Equalization (CLAHE)
is applied to improve contrast in retinal layers, enabling better visualization of
pathological features such as fluid accumulation and retinal thickening. In the
third stage, deep feature extraction is performed using pretrained convolutional
neural networks. Models such as VGG-16 and ResNet-50 automatically learn hi-
erarchical feature representations from OCT images. These features capture im-
portant retinal patterns, including layer boundaries, lesion shapes, and intensity
variations. In the hybrid model, handcrafted texture and shape features are also
extracted and fused with CNN features to improve interpretability. The fourth
stage focuses on multi-class classification. The extracted feature vectors are passed
through fully connected layers and a SoftMax classifier to assign each OCT image
to one of the four disease categories. This enables automated diagnosis without
manual interpretation by clinicians. Finally, the performance evaluation stage
measures the effectiveness of the system using standard metrics such as accuracy,
precision, recall, and F1-score. Confusion matrices are used to analyze misclassi-
fication patterns and assess the reliability of the proposed framework. Overall, the

modular design of the system architecture ensures scalability, robustness, and ease

DOI: 10.4236/jcc.2026.143011

223 Journal of Computer and Communications


https://doi.org/10.4236/jcc.2026.143011

K. Akula et al.

of integration into clinical workflows. The proposed framework can be extended
to support advanced functionalities such as severity grading, fluid segmentation,

and explainable Al-based visualization.

4. Methodology

4.1.Image Preprocessing

All OCT images were preprocessed using identical enhancement procedures prior
to model training. As illustrated in Figure 3, the following preprocessing steps
were applied uniformly across all models:

« Non-Local Means Filtering: Degree of smoothing = 10, search window size =
21 x 21.

« Anisotropic Diffusion: Number of iterations = 15, conduction coefficient = 20.

o CLAHE: Clip limit = 0.01, tile grid size = 8 x 8.

These preprocessing techniques were applied consistently across VGG-16, Res-

Net-50, and Hybrid CNN models to ensure fair performance comparison.

(a) Original OCT

(b) Noise Removal (c) Contrast Enhanced

Figure 3. Preprocessing stages: (a) Original OCT image, (b) Noise removal, (c) Contrast enhanced.

4.2.Model 1: VGG-16

As illustrated in Figure 4, the architecture of the proposed deep learning-based
OCT classification system includes convolutional, pooling, and fully connected
layers for hierarchical feature extraction. VGG-16 is a deep convolutional neural
network consisting of 13 convolutional layers and 3 fully connected layers. The
pretrained VGG-16 model was fine-tuned by replacing the final classification
layer with a four-class Softmax layer corresponding to CNV, DME, Drusen, and

Normal categories.

4.3. Model 2: ResNet-50

ResNet-50 is a deep residual network that utilizes skip connections to overcome
the vanishing gradient problem. The pretrained ResNet-50 model was fine-tuned

by replacing the final fully connected layer with a four-class Softmax classifier.

4.4. Model 3: Hybrid CNN + Feature Fusion Model

The hybrid model integrates deep CNN features with handcrafted texture-based
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features to enhance classification performance. First, deep features were extracted
from OCT images using the pretrained CNN model from the penultimate fully
connected layer. Next, handcrafted texture features were extracted from OCT im-
ages using:

o Gray-Level Co-occurrence Matrix (GLCM) features:

- Contrast;

— Correlation;

- Energy;

- Homogeneity.

o Local Binary Pattern (LBP) texture features;

« Histogram-based intensity distribution features.

These handcrafted features were concatenated with CNN-extracted deep fea-
tures to form a combined feature vector. The fused feature vector was then passed
to a Softmax classifier for final disease classification.

Headings, or heads, are organizational devices that guide the reader through

your paper. There are two types: component heads and text heads.

Feature Extraction
Transfer Learning

Fully
Connected
Layers

| d‘
] 4/
Features | y %
(Deep and handcrafted) ! Fully

_______________ ' Connected
Layers

Disease Classification

Figure 4. Architecture of the deep learning model used for OCT classification.

4.5. Loss Function

The categorical cross-entropy loss function used for multi-class classification is
defined as:

c
L= _ZJ’;' log(j}i)
in1

where Cdenotes the total number of classes, y; represents the ground truth label
for class 7, and p, is the predicted probability of class 7 obtained from the Soft-
max output layer.

4.6. Optimization

The Adam optimizer was employed to update the network parameters during
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training [12]. The weight update rule is expressed as:

mt
\JV, +e

where w;and w, represent the current and updated weights, respectively, ais the

Wi =W, -

learning rate, m;is the first moment estimate (mean of gradients), v; is the second
moment estimate (uncentered variance of gradients), and ¢ is a small constant

added to prevent division by zero.

4.7. Algorithm (Pseudocode)

Algorithm 1 OCT Image Classification
1) Input: OCT image;
2) Resize to 224 x 224;
3) Apply preprocessing;
4) Feed into CNN;
5) Extract deep features;
6) Classify into disease class;
7) Output: Disease label.

4.8. Overall Model Performance

Three deep learning models were evaluated for OCT image classification. The
VGG-16 model achieved an accuracy of 96.12%, demonstrating stable perfor-
mance with effective feature extraction. The hybrid CNN-feature fusion model
achieved an accuracy of 95.04%, providing better interpretability through hand-
crafted features. The ResNet-50 model achieved the highest accuracy of 97.83%,
benefiting from residual learning and deeper feature representation. All experi-
ments were implemented using MATLAB Deep Learning Toolbox [13]. These re-
sults indicate that deeper architectures with residual connections are more effec-

tive for retinal disease classification, as illustrated in Figure 5.

5. Experimental Results

The model performance was evaluated using Accuracy, Precision, Recall, F1-
score, and ROC-AUC are shown in Table 2.

Table 2. Classification performance.

Class Precision Recall F1-score
CNV 92.36% 100% 96.03%
DME 100% 98.35% 99.17%
DRUSEN 100% 92.98% 96.36%
NORMAL 99.59% 100% 99.79%

Overall Test Accuracy: 97.83%.
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Predicted metrics
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Figure 5. Confusion matrix: tierflow and OCT classification.

5.1. Training and Validation Performance

Overall Test Accuracy: 97.83%

Figure 6 shows the training and validation accuracy curves of the ResNet-50 model

over multiple epochs. The model demonstrates stable convergence with minimal

overfitting, indicating effective generalization on unseen OCT images.
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Figure 6. Training and validation accuracy curves of the ResNet-50 model.

DOI: 10.4236/jcc.2026.143011

227

Journal of Computer and Communications


https://doi.org/10.4236/jcc.2026.143011

K. Akula et al.

5.2. Comparison with Previous Studies

A comparative evaluation of the proposed deep learning models with previously

reported OCT classification approaches is summarized in Table 3.

Table 3. Comparison of classification accuracy with previous studies.

Study Model Accuracy (%)

Kermany et al. [8] CNN 96.6
DenseNet study [10] DenseNet 95.8
Hybrid model [11] CNN + Features 94.5
ResNet-based Study [9] ResNet-50 97.5
Proposed (VGG-16) VGG-16 96.12
Proposed (Hybrid) CNN + Features 95.04
Proposed (ResNet-50) ResNet-50 97.83

6. Discussion

The experimental results demonstrate that the proposed deep learning-based
framework achieves high diagnostic accuracy across all retinal disease categories.
The overall classification accuracy of 97.83% indicates that the system can reliably
differentiate between Normal, DME, CNV, and Drusen cases. Similar perfor-
mance trends have been reported in previous OCT classification studies. Misclas-
sifications were primarily observed between the Drusen and CNV classes due to
visual similarity between these conditions. Explainable Al tools such as Grad-
CAM [14] could help identify decision regions and improve model transparency,
asillustrated in Figure 7. The ResNet-50-based model outperformed VGG-16 and
the hybrid model, confirming the effectiveness of residual learning for OCT image
analysis [15]. Transfer learning further reduced training complexity and im-

proved generalization.

(a) Normal (b) DME

(c) CNV (d) Drusen

Low High

Figure 7. Grad-CAM visualization highlighting disease regions in OCT images.
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7. Conclusion

This paper presented a deep learning-based framework for the automated classi-
fication of retinal diseases using OCT images. A comparative evaluation of three
model architectures VGG-16, ResNet-50, and a hybrid CNN-feature fusion model
was performed to analyze their effectiveness in multi-class retinal disease diagno-
sis. Experimental results on the Kermany OCT dataset demonstrated that the Res-
Net-50 model achieved the highest classification accuracy of 97.83%, outperform-
ing VGG-16 (96.12%) and the hybrid model (95.04%). The improved perfor-
mance is attributed to the residual learning mechanism of ResNet-50, which ena-
bles deeper feature extraction and better generalization. Compared to previous
studies reporting accuracies between 94.5% and 97.5%, the proposed approach
shows enhanced diagnostic reliability. Overall, the system reduces the dependence
on manual OCT interpretation and has strong potential to assist ophthalmologists

in early disease detection and clinical decision-making.
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