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Abstract: The process of segmenting retinal images and classifying ophthalmic diseases establishes a crucial pathway for both
early disease identification and clinical treatment choices. Deep Learning (DL) methods demonstrate effective results however,
previous research suffers from three critical issues, which include their failure to extract sufficient features, their inability to
generalize well and their weak connection between preprocessing and augmentation methods. This research develops an Attention-
Based Fully Convolutional Neural Network (FCNN) framework to solve existing problems in ophthalmic disease classification
through Ocular Image Analysis — Ophthalmic Disease Intelligent Recognition (OIA-ODIR) retinal fundus image dataset analysis.
The proposed methodology applies image preprocessing methods, which include resizing, denoising and histogram equalization,
together with data augmentation techniques, which include rotation, scaling, normalization and cropping to generate new dataset
samples and enhance the quality of images. The attention-based FCNN architecture classifies processed retinal images through its
ability to extract retinal features that distinguish different eye conditions. The experimental results show that the developed model
reaches an accuracy of 99.20% with a precision of 98.17% and a recall of 99.35%, and an F1-score value of 98.74%, which
surpasses multiple current algorithms. The study concludes that the integration of preprocessing, augmentation, and attention
mechanisms significantly enhances segmentation and classification performance. The proposed framework delivers accurate results
that demonstrate strong performance and dependable outcomes for classifying ophthalmic diseases through retinal fundus image
analysis.

Keywords: Attention-Based FCNN, Deep Learning, Ophthalmic Disease Classification, Retinal Fundus Images, Retinal Image
Segmentation

1. Introduction

Image segmentation has become a fundamental requirement for ophthalmic medical image analysis since
doctors need precise retinal structure depiction to make accurate disease diagnoses [1,2]. The segmentation techniques
enable precise tracking of particular regions, which contain both lesions and vital anatomical components that
physicians need to detect ophthalmic diseases [3—5]. DL technology has progressed rapidly, which enables FCNNs to
learn spatial hierarchies while performing high-accuracy pixel-based predictions [6—9]. Attention mechanisms in these
models help to identify critical features, which results in improved segmentation performance [10—12]. The field has
reached a new level of progress, which allows automated retinal image analysis to deliver enhanced disease detection
capabilities that protect vision health [13,14]. The DL models in Figure 1 demonstrate successful retinal vessel
segmentation because their predicted outputs match the ground truth annotations, which enables accurate pixel
extraction of detailed vascular structures.
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Figure 1: Retinal Image Segmentation [15].

The current research studies face multiple obstacles that prevent them from achieving accurate results in
ophthalmic disease classification through segmentation methods [16-18]. The various approaches fail to handle retinal
dataset differences, which arise from changes in image quality and the presence of noise and different lighting
conditions [19-21]. FCNNs improved segmentation results, but these networks still have difficulty detecting small
structural features and use multiscale context information poorly [22-25]. The combination of inadequate data
preprocessing and weak data augmentation techniques creates conditions that lead to overfitting and decrease model
accuracy on unseen data [26-29]. Researchers need to develop an all-inclusive system that combines data
preprocessing with augmentation processes and advanced methods for feature extraction to solve existing difficulties
[30,31].

The research introduces a novel framework that addresses current issues by implementing structured data
preprocessing together with data augmentation methods and an attention-based FCNN model, which executes image
segmentation and classification functions. The OIA-ODIR dataset serves as the initial dataset for the project, which
then follows with image preprocessing operations that include image resizing, denoising and enhancement processes
to achieve better image quality results. The dataset receives an increase in variety through data augmentation methods,
which include rotation, normalization, cropping and scaling techniques. The processed data is then divided into three
sets, which are used for training, validation and testing purposes. The Attention U-shaped Convolutional Network for
Biomedical Image Segmentation (U-Net) architecture uses encoder and decoder paths, which include attention gates
and skip connections to enable the model to identify essential areas while maintaining vital spatial information for
precise segmentation and classification results.

The novelty of this research is the proven usage of attentive feature fusion over a full end-to-end pipeline, which
encompasses preprocessing, augmentation and segmentation, for eye disease classification. Instead of the traditional
concept, which only concentrates on designing an efficient model, this research exhibits the advantage of a superficial
detailing of the data, appropriate augmentation and attention gates, in conjunction with the model for an accurate
segment and classify performance. Whenever introduced to skip connections, additional gates spotlight the foreground
localizations and haze the background information for a more accurate segment.

The primary goal of this research is to establish an effective, reliable segmentation-driven diagnostic scheme
of ophthalmic disease classification with an attention-based fully convolution neural network. The proposed approach
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aims to enhance image quality and improve feature representation while achieving better classification results through
its successful combination of preprocessing methods with augmentation techniques and attention mechanisms. The
key contributions of this study are as follows:

® Proposed an end-to-end framework that includes preprocessing, augmentation, and an attention-based FCNN
for analysis of ophthalmic images.

® (Created an Attention U-Net structure to boost feature extraction and segmentation of the areas of interest in
disease detection.

® FEmployed efficient preprocessing techniques and augmentation methods to increase model robustness and
generalization.

® Shown better results in segmentation and classification than previous solutions.

The rest of the paper is structured as follows: Section II discusses the related literature, Section III explains the
methodology used, Section IV provides the results and discussions, and Section V draws the conclusion and future
scope.

2. Literature Review

Recent studies have extensively explored DL techniques for improving eye disease classification and retinal
image analysis. Sah et al. (2026) [32] developed a DL framework with dual backbones, which integrated Efficient
Neural Network (EfficientNet)-B0 and Residual Network (ResNet)-50 and InceptionV3 and AlexNet through multiple
fusion techniques to identify different eye diseases. The system achieved 97.99% accuracy and 0.999 area under the
receiver operating characteristic curve through its two fusion methods, which enhanced representation learning and
generalization performance on external datasets. Similarly, Faisal Ahmed (2026) [33] developed a hybrid Histogram
of Oriented Gradients (HOG)-Convolutional Neural Network (CNN) system, which combined manually constructed
HOG features with deep CNN image analysis to identify retinal diseases, resulting in 98.5% accuracy and 99.2% Area
Under the Curve (AUC) performance. Venkataiah et al. (2025) [34] introduced a DL system that combined Trans-
MobileUNet segmentation with an attention-based dilated hybrid network to detect glaucoma, achieving 94% overall
accuracy, while Zhu et al. (2025) [35] developed an improved HarDNet-based fully convolutional network, which
employed multiscale feature extraction and dense aggregation for successful performance on CHASE DBI1 and
DRIVE datasets. Vidivelli et al. (2025) [36] presented a DL framework based on transfer learning, which used a CNN
to perform multiclass classification of eye diseases through the ODIR dataset. The system achieved its highest
accuracy of 89.64% through the MobileNet model.

In addition, Karn and Abdulla (2024) [37] developed a hybrid attention-based U-Net model for automated
segmentation of sub-retinal layers in Optical Coherence Tomography (OCT) images, incorporating edge and spatial
attention mechanisms to improve feature extraction and segmentation accuracy, achieving a Dice score of 94.99% and
Adjusted Rand Index (ARI) 0f 97.00%. Inan (2024) [38] introduced a hybrid Trio-model combining transfer learning
CNN, two-stage CNN, and Siamese networks for multi-disease diagnosis using fundus images, achieving 97%
accuracy and 0.96 AUC. Similarly, Abdullah et al. (2024) [39] developed a hybrid deep feature-based classification
system using EfficientNet-B6 and DenseNet169 with a Decision Tree classifier, achieving 99.02% accuracy.
Moreover, Al-Fahdawi et al. (2024) [40] proposed a multi-label DL classification system using feature-level data
fusion from paired fundus images, achieving an F1-score of 88.56% and an AUC of 99.76%.

Earlier studies also contributed significantly to classification and segmentation tasks. Mahmood et al. (2023)
[41] developed a DL model based on the Visual Geometry Group-19 architecture using transfer learning to detect
cataracts through balanced binary classification on fundus images, achieving an accuracy range of 94%—-95% with F1-
scores between 0.95 and 0.96. Similarly, Fernandes (2023) [42] developed a DL framework comparing CNN and
Vision Transformer models for diabetic retinopathy severity classification, where the transformer model achieved a
maximum F1-score of 90 and outperformed the CNN model. Moreover, Shamsan et al. (2023) [43] proposed a hybrid
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feature-based framework integrating MobileNet and DenseNet121 with handcrafted features for multi-eye disease
classification, achieving 98.5% accuracy and 99.23% AUC. In addition, He et al. (2023) [44] proposed a multiscale
DL model based on ConvNeXt for retinal layer segmentation, achieving a Dice score of 91.3% and a mean intersection
over union of 84.4%. Furthermore, Rivas Vazquez et al. (2023) [45] proposed a DL-based segmentation method
using transfer learning with a U-Net architecture, achieving a Dice score of 83.6%. Finally, Li et al. (2022) [46]
developed a multi-label fundus image classification model using attention mechanisms and feature fusion, achieving
94.23% accuracy and 99.16% F1-score.

2.1 Research Gaps

Although remarkable progress in DL-based analyses of ophthalmological data has been achieved, there still
remain some open questions in this area. First of all, a lack of investigation regarding hybrid schemes that utilize both
image segmentation and classification or feature extraction along with their fusion in the same framework is observed
in [32,34,44]. Secondly, there is no adequate study about robust methods of feature fusion, which may allow effective
processing of multimodal and multiscale information about retinal diseases [33,43]. In addition, generalization of
approaches in order to ensure the ability of models to achieve good results regardless of the dataset used is still
insufficient [35,36]. Moreover, investigation of simultaneous multiclass classification/segmentation is still needed
[39,46].

3. Research Methodology

This section describes the methodology that is presented in Figure 2. It involves the use of the Attention-Based
FCNN technology in order to develop an efficient image segmentation system. The whole process of the research
consists of five major actions. These include data set preparation, data preprocessing, data augmentation, model
development, and performance evaluation. The suggested approach is based on the use of the attention-based FCNN
network.
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Figure 2: Proposed Methodology

3.1 Dataset Description

The proposed research utilizes a secondary dataset acquired from the Kaggle platform, consisting of the OIA-
ODIR retinal fundus image dataset [47]. The dataset contains retinal fundus images that were collected from
approximately 5000 patients who provided images of both their left and right eyes, which resulted in a total of about
10000 images. The dataset contains various real-world variations, which include different lighting conditions, image
quality and disease states, which makes it useful for testing segmentation models in difficult situations. Table 1
delivers a comprehensive overview of all dataset attributes.

Table 1: Dataset description

Parameter Description
Dataset Name OIA-ODIR
Publisher / Source Microsoft Research
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Dataset Type Secondary

Total Images 10,000 retinal fundus images

Disease Categories Eight ophthalmic disease categories, including normal
eyes and various ocular diseases

Annotation Types Image-level disease labels (no ground-truth pixel-level
masks provided)

Image Resolution Varies across images (commonly ranging from
approximately 480x640 to higher resolutions)

Format Joint Photographic Experts Group (JPEG) images

Advantages Provides clinically diverse real-world retinal images,
enabling robust learning of disease-specific features
and improving generalization performance

3.2 Image Preprocessing

Once the dataset is acquired, the input images are preprocessed [48] to enhance their quality and normalize
them. Let the input image /. The first manipulation is to resize the image to a fixed spatial resolution so that the inputs
are of uniform size, which is written as:

I = R(D) (M
where R(+) denotes the resizing function and I, is the resized image.

A denoising operation is utilized first to reduce artifacts and noise in the input images using a smoothing filter.
This process can be defined as:

Iy =1 %G, (2)

where G, represents the Gaussian kernel and * denotes the convolution operation, resulting in the denoised
image I;.

The process of image enhancement begins with the goal of increasing contrast to show essential details of the
image. The following equation describes the transformation:

Ie = E(lq) 3)
where E (+) represents the enhancement function and I, is the enhanced output image.

The preprocessing operations work together to enhance input images because they diminish noise and boost
visual quality while creating uniform image standards that enable successful feature extraction.

3.3 Data Augmentation

Data augmentation [49] follows preprocessing because it increases input data variation while building model
strength. The preprocessed image exists as I,. The first step involves normalization, which scales the pixel intensity
values to a standard range and is defined as:

le=Imin
I = i @

Imax—Imin

where I,;, and I, denote the minimum and maximum pixel intensity values, respectively, and I, is the
normalized image.

To introduce variability in spatial orientation, rotation is applied as:

Leor = To(In) ®)
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where I,.,; represents the rotated image, Ty (-) denotes the rotation transformation, I,, is the normalized input
image, and Orepresents the rotation angle.

Further, scaling is performed to simulate variations in object size:

Is = Sa(lrot) (6)
where I represents the scaled image, S, (-) denotes the scaling transformation, I,,; is the rotated image, and
atis the scaling factor.

Finally, cropping is applied to extract relevant regions from the transformed image:

I. = C() (7
where I, represents the cropped image, C(-) denotes the cropping operation, and ; is the scaled image.

The augmentation operations create different versions of the input data, which enable the model to acquire two
types of features, invariant features and discriminative features, while enhancing its performance across various
orientations, scales and spatial distribution changes.

3.4 Data Splitting

Following data augmentation, the dataset is subjected to three types of data splitting processes, which help in
the creation and validation of the model. Generally, the dataset is usually divided into three categories: training,
validation, and testing data in the proportion of 70:15:15, respectively. The training data facilitates model parameter
learning, while the validation data helps in monitoring the training process and adjusting the hyperparameters
accordingly. Lastly, the testing data facilitates the assessment of the model, which helps gauge the prediction capability
of the model using new data.

3.5 Model Architecture — Attention-Based FCNN

The proposed model uses an Attention-Based FCNN [50], which functions as a pixel-level image segmentation
system. The basic architecture of the FCNN is shown in Figure 3, which consists of an input layer, multiple
convolutional (hidden) layers for feature extraction, and an output layer that produces pixel-wise predictions. The
model uses its layered design to develop multiple levels of image understanding, which help it to achieve precise
segmentation results.
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Figure 3: FCNN architecture [51]
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In the convolutional layers, features are extracted in a hierarchical way from the given input image, and every
single layer would learn a spatial and contextual representation of the image. Deepening of the network produces more
semantic features while lowering the spatial resolution.

The system uses intermediate feature representations to extract essential semantic information, which is used
to create accurate segmentation results. The network keeps all spatial information through feature propagation because
it needs to preserve both its basic and complex spatial details.

The proposed model uses attention gates, which enable the network to focus on important areas while it discards
unnecessary background content. The attention mechanism is defined by the following mathematical expression:

a = a(W,x + W,g +b) (8)

The attention coefficients are represented by a while x; denotes the feature map corresponding to layer [, and
g functions as the gating signal and W, and W, function as learnable weight parameters, and b acts as the bias
termandoserves as the activation function. The refined feature map is obtained as:

fl:a'xl (9)

The attention-weighted feature map is represented by X;. The model uses this mechanism to identify crucial
spatial areas, which results in better segmentation performance.

Finally, the model creates pixel-wise class probabilities through the SoftMax function, which enables pixel
classification into specific classes to generate the final segmented result.

3.6 Results — Object Classification

The system produces pixel-level predictions, which serve for both object classification and segmentation after
it processes through the Attention-Based FCNN model. The trained model produces a segmentation map in which
each pixel is assigned to a specific class, representing different regions of interest within the image. The output
provides a structured representation by clearly distinguishing between objects and background at the pixel level,
enabling accurate localization of important features. The proposed method successfully captures all spatial and
contextual details, which enable precise image segmentation and classification.

3.7 Performance Evaluation

The evaluation of the proposed Attention-Based FCNN model performance employs conventional metrics
quantifying its ability to correctly predict class labels by comparing the predicted values with true, ground truth data
of the ground experiments. The true positives, true negatives, false positives and false negatives are denoted by TP,
TN, FP and FN, respectively. The metrics are given by:

TP+TN f TP

Accuracy = ——— (10) Precision = ——
TP+TN+FP+FN TP+FP
TP 2-(Precision-Recall)

(11)  Recall =
13)
3.8 Proposed Algorithm

(12) F1 —score =

TP+FN Precision+Recall

Algorithm: Effective Image Segmentation using FCNN
Input: OIA-ODIR Dataset with annotated images
Output: Segmented images with pixel-level class labels
BEGIN

Load OIA-ODIR dataset
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FOR every image in the dataset
Resize image to uniform characteristic (e.g., 256x256)
Apply a denoising filter (Gaussian or Median)
Perform image enhancement (Histogram Equalization)
END FOR
// Data Augmentation
FOR each image in the dataset DO
Normalize pixel values between [0,1]
Apply random rotation, scaling, and cropping
Store augmented images in the training set
END FOR
Split dataset — Training (70%), Validation (15%), Testing (15%)
// Model Definition
Apply attention gate to encoder feature maps using decoder gating signal before feature concatenation.
Initialize the Attention-Based FCNN model.
Define Encoder path: Convolution + ReLU + Max Pooling layers.
Define Bottleneck layer: High-level feature extraction
Define Attention Gates: Skip connections
Define Decoder path: Upsampling + Convolution
Add Output layer: SoftMax activation for pixel-wise classification
/ Model Training
Compile model with optimizer (Adam) and loss function (Cross-Entropy)
Train Attention-Based FCNN on training data with batch size B for N epochs
Validate the model on the validation set after each epoch
Keep the best-performing model bulks
// Model Testing and Evaluation
Load test data and perform a prediction
Compare predicted segmentation maps with ground truth
Compute performance metrics
Display segmented outputs and performance graphs

END
4. Results and Discussion

The following part of the paper contains experimental results and performance analysis of the Attention-Based
FCNN model used for the segmentation and classification of ocular diseases from images. The proposed framework
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proves itself effective by performing performance analysis that takes into account the values of accuracy, precision,
recall, and F1-Score. In Table 2, the hyperparameters required for the training of the model are provided.

Table 2: Hyperparameters Used

Hyperparameter Value
Hidden layer dimension 512
Fundus projection Linear (fundus_dim — 512)
OCT projection Linear (oct_dim = 512)
Attention MLP layers 2
Attention output size 2
Activation function ReLU
Attention normalization Softmax
Output dimension 512

The OIA-ODIR retinal fundus images, which have been obtained, undergo preprocessing procedures that
improve their visual quality while maintaining their required input size dimensions, as shown in Figure 4. The original
retinal images undergo resizing to 256x256 resolution, which establishes uniformity throughout the dataset. Denoising
procedures follow this step to eliminate all undesired elements, which include background noise and other artifacts
found in the fundus images. The process uses histogram equalization to improve image brightness, which enables
better detection of retinal vessels and important eye structures, thus resulting in more informative retinal images.

Resized (256x256)

Original
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Histogram Equalized

Denoised

Figure 4: Image Preprocessing Stages.

The retinal fundus images, which have been preprocessed, need additional enhancements through data
augmentation to generate diverse data that would strengthen the performance of machine learning models. Figure 5
shows various augmented samples that have been generated from the original image by applying transformations such
as rotation, scaling, and spatial variations.

Original

Augmented-1

Augmented-2 Augmented-3

Figure 5: Data Augmentation Results for Retinal Image
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The dataset is divided into training, validation, and testing sets to ensure balanced model learning and
performance evaluation. The dataset distribution in Table 3 shows that 70% of the images, which equals 4900 images,
are used for training, while 15% of the images, which equals 1050 images, are used for both validation and testing.

Table 3: Dataset Partitioning for Model Development and Evaluation

Dataset Category Percentage (%) Number of Images
Training Set 70% 4900
Validation Set 15% 1050
Testing Set 15% 1050
Total 100% 7000

The proposed Attention-Based FCNN model demonstrates its training loss performance through Figure 6,
which shows the results from five training epochs. The loss value decreases from 1.51 in the first epoch to 0.31 in the
last epoch, which shows the model achieved stable learning progress during training. The model demonstrates
effective retinal feature learning through its gradual loss reduction, which shows its ability to classify and segment
with minimal errors.

Training Loss vs Epochs
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Figure 6: Training Loss vs Epochs

Figure 7 illustrates the validation accuracy of the Attention-Based FCNN model proposed, which has been
trained for five epochs. The figure shows that the validation accuracy regularly increased from 85.6% at epoch 1 to
98.9% at epoch 5. The gradually increased validation accuracy suggests the good generalization of retinal images
using the proposed model with a stable classification and segmentation capability.
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Validation Accuracy vs Epochs
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Figure 7: Validation Accuracy vs Epochs

Figure 8 shows the classification result of the proposed Attention-based FCNN for a sample retinal fundus
image is provided by the proposed classifier. The proposed classifier can identify class C with the highest likelihood
(40.51%) and other classes A and O with the likelihood scores of 24.10% and 17.29%. These probability scores
indicate the proposed model can certainly discriminate ophthalmic condition spaces using learned retinal images.

1025 right.jpg Top Class Probabilities
Pred: C (Conf=40.51%) 1.0

0.8 Image: 1025_right.jpg
2 Predicted class: C (0.4051)
3 l Top-k breakdown:
P C prob=0.4051
- 0.24 =
o 017 A prob=0.2410

021 0  prob=0.1729

0.0 T T T

A 0
Class

Figure 8: Class Probability Distribution for Sample Prediction

Figure 9 illustrates another classification result of the proposed Attention-Based FCNN model applied to a
retinal fundus image. The model successfully identified the image as class C with 38.43% highest class probability,
together with other probabilities of class A and O as 22.66% and 17.82%, respectively. It is observed that the
probability of each class is reasonable for grading classification, suggesting consistent classification as well as retinal
disease feature extraction from the input image.
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Figure 9: Class Probability Distribution for Sample Image

The confusion matrix of the developed attention-based FCNN classifier has been illustrated in Figure 10 based
on test data with 99.20% classification accuracy. It can be seen from the confusion matrix that most of the samples
are correctly classified with respect to their diagonals, such as 647 samples belong to category D, 644 samples belong
to category N, and 308 samples belong to category O. From the results, it is clear that the proposed approach has
robustness in disease classification in ophthalmology.

Confusion Matrix - On-site Test Set
(Accuracy: 99.20%)
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Figure 10: Confusion Matrix

The proposed Attention-Fusion FCNN model shows its class-specific performance results through the
execution metrics in Table 4. The model demonstrates consistently high precision, recall, and F1-score values across
all eight classes, with most metrics ranging between 98% and 100%. The precision values for Classes D and N reach
100% while Classes A, H, and M achieved 100% recall, which proves their capacity to identify real instances. The
Fl-scores maintain a constant range of 98 to 100 percent, which indicates that the system achieves balanced
classification results through its minimal false positive and false negative errors. The proposed multimodal attention-
based framework achieves 99.20 percent overall accuracy, which establishes its dependable performance across all
classification categories.

Table 4: Class-wise performance of the proposed model
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Class Precision Recall F1-Score Accuracy
A 96% 100% 98% 99.20%
C 97% 99% 98%

D 100% 99% 99%
G 99% 98% 99%
H 96% 100% 98%
M 99% 100% 99%
N 100% 99% 100%
0] 99% 99% 99%

The performance results show the operational efficiency of the Attention-Based FCNN model through the
measurement results shown in Figure 11. The model achieves an accuracy of 99.20%, precision of 98.17%, recall of
99.35%, and Fl-score of 98.74%, which demonstrates its ability to perform balanced assessment across different
categories of ophthalmic diseases.

Performance Metrics - On-site Test Set
1.0 99.20% 98.17% 99.35% 98.74%

0.6

Score

0.4 1

0.2

0.0 -

F1-S‘core

Accuracy Precision Recall

Figure 11: Overall Performance Metrics

4.1 Ablation Study

The ablation study results of the proposed Attention-Based FCNN model show different model configurations
in Table 5. The results show that the integration of preprocessing and data augmentation gradually improves the overall
classification performance, where the proposed model achieves the highest accuracy of 99.20%, precision of 98.17%,
recall of 99.35%, and F1-score of 98.74%, demonstrating the effectiveness of the complete framework for ophthalmic
disease classification.

Table 5: Ablation Study

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Configuration
FCNN 91.42 90.85 91.10 90.96
FCNN with 94.78 94.11 94.52 94.30
preprocessing
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FCNN with 96.95 96.37 96.84 96.58
preprocessing and
augmentation

Proposed Attention- 99.20 98.17 99.35 98.74
Based FCNN
Model

4.2 Comparative Analysis

Table 6 presents the comparative analysis of the proposed Attention-Based FCNN model with existing
ophthalmic disease classification approaches. Sah et al. (2026) [32] combined EfficientNet-BO with ResNet50,
InceptionV3, and AlexNet to achieve 97.99% accuracy, while Faisal Ahmed (2026) [33] proposed the HOG-CNN
model with 98.5% accuracy. Sakib Rokoni (2025) [52] achieved 87.37% accuracy using the Hybrid LsEyeNet model,
whereas Al-Fehdawi et al. (2024) [40] obtained 89.18% accuracy with Fundus-DeepNet. Muhammed Pektas (2023)
[53] utilized EfficientNetB3 and achieved 96.64% accuracy. Compared with these existing approaches, the proposed
Attention-Based FCNN model achieves the highest classification accuracy of 99.20%, demonstrating improved
ophthalmic disease classification performance.

Table 6: Comparative Analysis

Author Technique Used Accuracy (%)

Sah et al. (2026) [32] EfficientNet-BO with ResNet50, 97.99
InceptionV3, and AlexNet

Faisal Ahmed (2026) [33] HOG-CNN 98.5
Sakib Rokoni (2025) [52] Hybrid LsEyeNet model 87.37
Al-Fehdawi et al. (2024) [40] Fundus-DeepNet 89.18
Muhammed Pektas (2023) [53] EfficientNetB3 96.64
Proposed study (2026) Attention-Based FCNN 99.20

4.3 Discussion

The experimental results show that the Attention-Based FCNN model achieves better classification results for
ophthalmic diseases through its combination of preprocessing methods, data augmentation techniques, and attention-
based feature learning methods. The preprocessing stage produces better retinal image results because it reduces noise
and improves visibility through contrast enhancement. The training and validation results demonstrate stable
performance through decreasing loss values and rising accuracy levels throughout the training process. The
classification outputs together with the confusion matrix demonstrate that the proposed model has the ability to
correctly identify various ophthalmic disease categories while making only a few errors. The model achieves 99.20%
accuracy, 98.17% precision, 99.35% recall, and 98.74% F1-score, which demonstrates its ability to classify data with
high accuracy and the same performance level across different categories. The ablation study also demonstrates that
the combination of preprocessing and augmentation techniques delivers essential benefits for improving system
performance. The comparative analysis shows that the proposed Attention-Based FCNN model exceeds the
performance of multiple current DL methods used for ophthalmic disease classification.

5. Conclusion and Future Scope

Retinal image analysis serves as a crucial method for detecting ophthalmic diseases at their initial stages
because it requires precise retinal structure segmentation and classification for proper clinical evaluations. The existing
DL methods from earlier studies have numerous shortcomings because they fail to extract important features and to
generalize well, while their combination of preprocessing methods and data augmentation techniques remains
inadequate. The study developed an Attention U-Net system to solve these problems because they needed an effective
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method for classifying medical conditions that used the OIA-ODIR retinal fundus image dataset. The proposed
methodology uses a sequence that begins with image preprocessing and data augmentation, followed by dataset
splitting and concludes with attention-based feature learning, which produces better results for both segmentation and
classification tasks. The experimental test results show that the proposed model reaches stable convergence to achieve
classification results with 99.20% accuracy, and 98.17% precision, and 99.35% recall and 98.74% F1-score.
Comparative analysis shows that the proposed method achieves better performance than multiple existing DL systems
that classify ophthalmic diseases. In future work, the proposed framework can be extended using larger multimodal
retinal datasets and advanced transformer-based attention mechanisms to further improve classification robustness
and real-world clinical applicability.
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