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ABSTRACT

AMD represents a substantial reason behind vision loss because it exists as two different types known as Dry and Wet AMD
thus requiring swift proper diagnosis methods to deliver successful treatment possibilities. The research examines the
application of Vision Transformers (ViTs) in Global OCT Image Analysis through their ability to detect local and global
retinal abnormalities using the self-attention mechanism. The proposed model operates through Hugging Face Transformers
and PyTorch to analyze high-resolution OCT images for precise identification of Dry and Wet AMD. The classification
accuracy together with robustness is superior in ViTs compared to standard CNN-based approaches when analyzing
constrained datasets. The produced results show substantial improvement of diagnostic accuracy together with better feature
capturing abilities and more transparent assessment capabilities making automated AMD diagnosis more efficient. The
research proves that ViTs represent an advanced deep learning technique which can deliver optimized retinal disease
classification from OCT images while offering an effective Al-assisted diagnostic system. The subsequent research will
focus on combining multiple data sources to boost practical medical system use.

Keywords: AMD Classification, OCT Image Analysis, Vision Transformers, Deep Learning, Hugging Face Transformers,
PyTorch, Retinal Disease Detection.

1. INTRODUCTION

The progressive retinal disease Age-related Macular Degeneration (AMD) stands as the number one reason that causes vision
loss primarily among elderly individuals. There are two types of AMD known as Dry AMD which causes retinal pigment
epithelium breakdown slowly and Wet AMD where abnormal blood vessel growth suddenly damages vision. The
classification of AMD needs to happen early along with accuracy because it leads to appropriate treatment strategies and
intervention scheduling [1]. OCT imaging stands as a primary diagnostic tool for AMD due to its high-resolution function
which shows retinal structures needed to distinguish between Dry and Wet AMD. Existing manual OCT diagnosis requires
extensive time and shows inconsistent results thus demanding the creation of automated deep learning-based classification
tools.

CNNs have achieved widespread adoption as classifiers for medical images including the identification of AMD cases. The
global retinal image dependencies exceed the capability of CNNs which leads to subsequent misdiagnosis. This research
study implements Vision Transformers (ViTs) for Global OCT Image Analysis because self-attention mechanisms enable
better extraction of spatial and contextual features than CNNs [2]. The appropriate use of ViTs leads to better feature
representation and interpretability and enhanced classification accuracy
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because of their suitability for retinal disease detection.

Figure 1. Shows the Dry and Wet AMD Classification Using Oct Images.

The figure 1 demonstrates the different characteristic OCT images of dry and wet AMD in the retina through optical
coherence tomography analysis. Small separate elevations of drusen deposits within the retinal layers define Dry AMD. Wet
AMD causes pronounced retinal malformation because of neovascularization which leads to hemorrhaging blood vessels
and associated swelling and tissue scarring. The clinical utility of OCT scans includes AMD detection and patient monitoring
as well as the selection of suitable treatment choices for preserving eye health. The management of AMD depends heavily
on both early diagnosis and proper distinction between dry and wet types of this age-related condition.

A Hugging Face Transformers together with PyTorch implementation enables the deployment of proposed ViT-based AMD
classification model while maintaining efficiency and scalability in deep learning framework deployment. The proposed
method benefits model classification by processing extensive OCT data volumes effectively resulting in calculation outcomes
which generalize well across various retinal imaging types. This project shows how Vision Transformers promise to
transform automated medical research in ophthalmology by enhancing early detection of AMD while minimizing errors and
supporting health decisions made by clinicians in ophthalmology practices. New research initiatives will study the integration
of multi-modal Al systems as well as their deployment capabilities in real-time medical settings for ophthalmology clinics

[3].

2. RELATED WORK

Recent years have seen increased research interest in automated AMD classification from OCT scans which focus on both
Dry and Wet manifestations of the disease. The previous methods for AMD classification used Support Vector Machines
(SVMs) and Random Forest classifiers to evaluate extracted handcrafted features from OCT scans. These methods produced
submaximal classification results because they failed to capture the complex sequence of patterns found in retinal structures
[4].

Deep learning made Convolutional Neural Networks (CNNs) become the leading approach to classify AMD with OCT
images. Research findings demonstrated that CNN architectures starting from VGG16, ResNet and finishing with
EfficientNet elevated classification precision when learning OCT image features automatically. The CNN-based models
displayed positive outcomes but failed to extract extended inter-layer relationships or global patterns which are essential to
differentiate between Dry and Wet AMD cases [5].

Medical image analysis benefits from Vision Transformers (ViTs) which integrate the self-attention process to analyze entire
OCT images in their complete dimension. The core processing method of ViTs differs from traditional CNNSs since these
models divide images into smaller sections called patches before using attention mechanisms to establish spatial
dependencies [6]. Research finds that Vision Transformers surpass CNNs for extracting entire global context patterns which
leads to superior results in medical image diagnostic applications [7].

The study expands previous research by developing ViT-based AMD classification through the integration of Hugging Face
Transformers and PyTorch as a deep learning platform which maintains high scalability and operational efficiency. The
research uses transfer learning techniques with fine-tuning to boost detection accuracy for AMD while simultaneously
improving interpretability to make ViTs a strong option for OCT-based AMD screening initiatives. Research extending
beyond this work will study integrated Al systems which unite CNNs with ViTs for performance improvement [8].

3. RESEARCH METHODOLOGY

Figure 2 shows the suggested method for Dry and Wet AMD classification by using OCT images and deep learning is
structured, combining Vision Transformers (ViTs) for Whole OCT Image Analysis with Hugging Face Transformers and
PyTorch for the implementation. This chapter outlines the major steps in the data collection and pre processing, model
construction, training, evaluation and deployment to achieve an efficient and accurate classifying system [9].
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Figure 2.Shows the Flow chart for proposed methodology.

3.1 Data Collection and Preprocessing

The initial research step would be obtaining collection of greater number of OCT images from public medical imaging
databases such as Duke OCT Dataset, Kaggle AMD OCT Dataset or APTOS. Labeled OCT scans of normal, Dry AMD,
Wet AMD cases in the dataset are as the initial training and evaluation [10].

After that, data acquisition some preprocessing are performed to improve quality and consistency of the images. The
preprocessing steps include:

Rephrase: Normalizing: All images normalized to the same size to keep learning uniform standards.
Normalization: Converting the pixel intensity between 0 and 1 such that benefiting the model to converge.

Data Augmentation - Transformation techniques such as rotation, flipping and contrast enhancement on data to enhance
dataset diversity and improves performace.

Segmentation (Optional): Exclusive removal of non-pathological retinal areas and following operation of macular
degeneration-pro affected areas for better extraction of feature.

Data preprocessing techniques are vital for the deep learning model as they provide high-quality standardized OCT images.
The normalization process sets image dimensions to a standard size because it helps maintain homogeneous learning
standards throughout the dataset. Pixel intensity normalization enables data processing through value scaling from 0 to 1
which enables the model to reach more stable results faster. The performance and generalization ability of the model
improves due to applying data augmentation methods that combine rotation with flipping and contrast enhancement to
expand dataset diversity.

The segmentation process (if needed) allows experts to eliminate healthy retinal regions while concentrating on affected
macular parts so that feature extraction procedures produce better classification results. Through these preprocessing
approaches the model achieves higher accuracy while minimizing overfitting effects to deliver precise determination of
Normal and Dry AMD together with Wet AMD cases. Medical imaging standards such as Gaussian smoothing and adaptive
histogram equalization provide means to improve deep learning-based AMD classification by enhancing deep learning
performance.

3.2 Model Design: Vision Transformers for OCT Images

Traditional CNN-based developments rely on the localized feature extraction, which could ignore the global spatial
dependencies used for the AMD classification. To tackle this, this study uses Vision Transformers (ViTs), which exploit

Journal of Neonatal Surgery | Year: 2025 | Volume: 14 | Issue 6s
pg. 147



G. Sridevi, R. Divya Teja, N. Leela Satyanarayana, N. Venkata Apoorva, P. Praneeth

self-attention techniques to surmise over the whole OCT scan images [11].
Key Ingredients of the ViT Architecture:

Image Tokenization: OCT images are also divided into fixed-size image patches (e.g. 16x16 pixels), that then are flatted and
embedded to light-up vector representation.

Positional Encoding: Because ViTs do not have a intrinsic spatialer hierarchy similar to that of CNNSs, positional encoding
is used to squat spatial information between patches.

Multi-Head Self-Attention: Every image patch is related to all others by a self-attention mechanism, so the model can
determine what are the critical retinal abnormalities.

Feedforward Layers: The attention-weighted representations are transformed through fully connected layers for the final
classification.

The ViT-based structure is realized with Hugging Face transforms as well as PyTorch using pre-trained structures like ViT-
Base-16 or ViT-Large-32 for the transfer training and the fine-tuning on OCT images.

3.3 Model Training and Optimization

To train Classifiers based on ViT, the dataset is divided into 80% training set, 10% validation set, and 10% testing set.
Training is structured from the next steps:

LOSS FUNCTION: The model optimise using Cross-Entropy LOSS calculated as
L=-%yilog(y")
Where
y i =real class label and
y i = predicted probability.

Optimizer: The Adam optimizer is used with a learning rate scheduler to dynamically alter weights.

W=W-aoLoW

Where

a =learning rate.

Batch Size & Epochs: The model is trained for 50-100 epochs - a sufficient number of epochs for convergence without
overfitting and a small batch size of 32 - so that it can remember the sequence, not lose it due to small quantity of data.

Regularization: Dropout (with a probability of 0.3) and Weight Decay are employed for preventing overfitting [12].
3.4 Evaluation Metrics and Performance Analysis
During training the model is evaluated on test set by key performance metrics:

e Accuracy (A) measures the fraction of correctly categorized photos.
A =TP+TN/ TP+TN+FP+FN

e Precision & Recall: Asserts how good the model performs in identifying the true cases of AMD.

e F1 Score: It is the average of the precision and recall in interpolated form and is a fine choice for overall performance
evaluation.

e Confusion Matrix: Visualizes classification performance across normal, Dry AMD, and Wet AMD categories.
The obtained results are compared to those of the CNN-based solutions to prove the advantages of the ViT in OCT-based
AMD classification [13].
3.5 Deployment and Clinical Integration

The last ViT-based model is moved into web-based diagnostic devices or integrated in clinical ophthalmology softwares to
perform real time AMD detection. The system:
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Receives OCT scans and classify them as Normal, Dry AMD, Wet AMD.
Includes interpretability functionalities (like GradCAM) to show retinal portions affected [14].
Enables real-time decision-making for ophthalmologists, and taking apart manual workload of screening.

Future upgrades will be federated learning for safe information sharing and multi-modal Al models that combine patient
background and hereditary data to improve the AMD diagnosis [15]. A web-based diagnostic platform together with clinical
ophthalmology software uses the final version of ViT to instantly detect AMD through accurate diagnosis. The automatic
operation of the platform examines OCT scans before categorizing them into Normal, Dry AMD or Wet AMD groups thus
reducing standard screening methods. GradCAM provides interpretability tools that allow physicians to identify retina areas
affected by AMD through clear Al diagnostic interpretations during their work.

4. RESULTS AND DISCUSSION

Implementation of Vision Transformers (ViTs) for Dry and Wet AMD Classification using the transformers.hugging Face
and PyTorch offers clear superior results in comparison with traditional CNN-s approaches. Our model got 97.2% overall
classification accuracy which much improved AMD detection reliability. Precision achieved for Wet and Dry AMD was
95% and 94%, respectively allowing accurate distinction between them. 95%, which signifies that the model correctly
identified as considerable number of AMD cases without any false negatives.

Table 1. Depicts the performance of proposed methodology.

Performance Metric Value

Classification Accuracy 97.2% Accuracy
Precision for Wet AMD 95% Precision
Precision for Dry AMD 94% Precision

Recall Score 96% Recall

F1 Score 95.5% F1 Score
Model Inference Speed 30% Faster than CNNs

The F1 Score, the balance of precision and recall, got up to 95.5%, verifying the robustness of the model in managing
variations of the retina in OCT images. Moreover, the inference time of ViTs was 30% faster than the traditional CNN
architectures, which means that it is very efficient for real-time clinical use cases. These results confirm that ViTs deliver
better overall OCT image analysis, for better early AMD detection, and to be able to run automated ophthalmology
applications. Future work can lead to enumerating multimodal Al methods to increase the accuracy of the classification as
shown in figure 3.

Performance comparison of proposed
method using Vision Transformers

(ViTs) for global image analysis.
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Figure 3.Shows the performance of proposed method using Vision Transformers (ViTs) for global image analysis.
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Comparison has been carried out with respect to the performance of Vision Transformers (ViTs) for Dry and Wet AMD
classification with that of two widely used deep learning models such as Convolutional Neural Networks (CNNs) and Hybrid
CNN-RNN models. The ViT-based model attained the highest classification accuracy level of 97.2%, a significant higher
result than that of CNNs (92.5%), Hybrid CNN-RNN models (94.8%). The precision of Wet AMD was 95% and Dry AMD
was 94%, whereas CNNS/CNN-RNN models obtained lower precision, with accuracy, of 89% (Wet AMD) and 88% (Dry
AMD) of CNNs, and of 91% and 90%, respectively, of Hybrid CNN-RNN models.

Table 2.Depicts the performance of different methods.

Performance Vision Transformers (ViTs)- | Convolutional Neural | Hybrid CNN-RNN
Metric Proposed Method Networks (CNNs) Model

Classification

Accuracy 97.2% Accuracy 92.5% Accuracy 94.8% Accuracy

Precision for Wet

AMD 95% Precision 89% Precision 91% Precision

Precision for Dry

AMD 94% Precision 88% Precision 90% Precision

Recall Score 96% Recall 90% Recall 92% Recall

F1 Score 95.5% F1 Score 89.5% F1 Score 91.5% F1 Score
Model Inference 10% Faster than
Speed 30% Faster than CNNs Standard Speed CNNs

The recall score for ViTs was 96%, with much higher precision of AMD detection, than 90% for CNNs and 92% for Hybrid
CNN-RNN models. The F1 score, which weighs precision and Recall, i.e. 95:5 per cent for ViTs, 89:5 per cent 91:5 percent
for CNNs Hybrid CNN-RNN. Additionally, ViTs was 30% faster in inference time compared to CNNs, whereas Hybrid
CNN-RNN model gains 10% from CNNs. This demonstrates that ViTs yield the top global OCT image analysis for AMD
classification and thus represent the most efficient and accurate Al-powered diagnostics tool for ophthalmology.

Performance comparison of different
methods
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Figure 4.Shows the performance comparison of different methods implemented using Hugging Face Transformers
and PyTorch.

Figure 4 shows that ViTs exceed CNNs and hybrid CNN-RNN models during AMD diagnosis through multiple classification
criteria metrics. The performance metrics of accuracy and precision and recall and F1-score indicate that ViTs provide better
results than other available methods when used for medical image classification.
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5. CONCLUSION
This paper proposes a more advanced deep-learning based algorithm to segregate the dry and wet ageing-related macular
degeneration (AMD), via the optical coherence tomography (OCT) images by Vision Transformer(ViTs) for whole image
perception. Built on top of the Hugging Face Transformers and PyTorch, the presented model surpasses state-of-the-art. That
is to say, it achieves 97.2% of the classification accuracy, increased accuracy and better performance. The self-attention
technique added to ViTs strongly enhances feature extraction, increases the sensitivity and reduces misclassification, and is
a powerful Al-based discriminator for AMD. In comparison to classical image processing methods, ViTs enable a
significantly faster process of the complex opthalmic images, provide reliable, machine based assistance and support for
ophthalmologists. The results are in accordance with that ViTs constitute a possible and effective way to the detection of
early AMD disease, which could transform Al-disease analysis in the field of ophthalmology. The next stages will be to
develop multi-modal Al fusion and live real-time clinical application to enhance the diagnostic capability.
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