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Abstract   
Eye diseases significant global health challenges, underscoring the need for efficient and accurate diagnostic. This study 
employed the EfficientNet-B5 model to enhance the detection and classification of eye diseases by incorporating advanced 
data augmentation and fine-tuning techniques. The research utilizes the ODIR dataset, consisting of 4,217 fundus images 
categorized into four classes: normal, glaucoma, cataract, and diabetic retinopathy. The methodology comprises three phases: 
baseline model training, model training with data augmentation, and fine-tuning. The baseline model achieved an accuracy of 
60.43%, which improved to 63.03% with data augmentation an increase of 2.6 percentage points. Fine-tuning further elevated 
the accuracy to 93.23%, representing a notable improvement of 33.8 percentage points over the baseline. Model performance 
was evaluated using standard classification metrics. These findings demonstrate the technical efficacy of combining 
augmentation and fine-tuning to enhance model generalization. This result approach offers a robust framework for developing 
dependable AI-driven diagnostic tools to support early detection and facilitate informed clinical decision-making.  
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1. Introduction  

Eye diseases as glaucoma, cataracts, and diabetic 
retinopathy continue to pose significant global health 
challenges, impacting millions of people across the 
world [1], [2]. Without timely detection and appropriate 
treatment, these disorders can lead to serious visual 
impairment or permanent blindness [3]. Therefore, 
early diagnosis and precise classification play a crucial 
role in enabling effective medical intervention and 
preventing further vision deterioration [4]. However, 
conventional diagnostic approaches frequently depend 
on manual assessments conducted by medical 
professionals [5]. his process is often labor-intensive 
and resource-demanding, while also being vulnerable to 
subjective variability particularly in regions where 
access to qualified professionals is limited [6]. 

In recent years, rapid advancements in artificial 
intelligence (AI) and deep learning have reshaped the 
field of medical image analysis [7]. These technologies 
offer promising solutions of automation for detection 

and classification eye diseases, enabling more accurate 
and consistent diagnoses [8]. Among various artificial 
intelligence techniques, deep learning models. 
Convolutional neural networks (CNN) excel at 
analyzing and interpreting complex retinal imagery [9]. 
Nevertheless, issues such as limited dataset diversity, 
overfitting, and inadequate model generalization 
continue to pose significant challenges, emphasizing 
the importance of further research aimed at improving 
the robustness and reliability of AI-driven diagnostic 
frameworks [10]. 

Numerous studies have comprehensively examined the 
application of deep learning models for ocular disease 
detection, producing encouraging outcomes. [11]. CNN 
like ResNet and InceptionNet have shown exceptional 
performance in classifying retinal images due to their 
ability to capture intricate visual patterns [12]. These 
models have been pivotal in advancing automated eye 
disease diagnosis, proving their effectiveness in 
analyzing complex medical image datasets [13]. 

https://doi.org/10.29207/resti.v9i5.6519
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However, high processing costs and fine-tuning 
complexity often preclude deployment in resource-
scarce environments [14]. 

Among current deep learning architectures, the 
EfficientNet family has emerged as a state-of-the-art 
framework, maximizing accuracy while minimizing 
computational expense [15]. Using a compound scaling 
approach that jointly optimizes network depth, width, 
and resolution, EfficientNet models achieve 
exceptional adaptability and are especially well-suited 
for medical image analysis applications [16]. Despite 
their advantages, challenges such as overfitting, lack of 
dataset diversity, and suboptimal generalization still 
pose significant barriers [17]. These limitations 
underscore the necessity for advanced optimization 
techniques, such as data augmentation and fine-tuning, 
to enhance the reliability of these models in real-world 
clinical settings [18]. 

Previous research by [19] employed a system based on 
InceptionV3 for diabetic retinopathy detection, 
achieving an accuracy of 90.3%. The model 
demonstrated high sensitivity and specificity, 
comparable to ophthalmologists, yet required extensive 
labeled datasets for training.  

Another research by [20] applied CNN for retinal 
disease classification, obtaining an accuracy of 89.81%, 
showing that models can achieve high performance 
with effective computational resources. Research by 
[21] implemented data augmentation on ResNet152, 
improving classification accuracy to 89.17%, 
demonstrating the importance of dataset diversity in 
mitigating overfitting. 

This research utilizes the EfficientNet-B5 model, a 
scalable and computationally efficient deep learning 
architecture, to enhance eye disease detection and 
classification. Its balance between accuracy and 

efficiency makes it well-suited for medical image 
analysis, particularly for retinal disease classification 
[22]. This research employs advanced augmentation 
with fine-tuning to strengthen generalization and reduce 
overfitting. By systematically evaluating these 
methods, this research provides new insights into their 
combined impact, contributing to the development of 
more robust AI-based diagnostic tools [6], [9], [10]. 

This study investigates how incorporating data 
augmentation and fine-tuning techniques can improve 
the classification performance of the EfficientNet-B5 
model in detecting eye diseases. These optimization 
methods are developed to mitigate prevalent deep 
learning challenges such as overfitting and insufficient 
dataset diversity by improving the model’s 
generalization to unseen data. Through harnessing the 
architectural strengths of EfficientNet-B5, this research 
seeks to demonstrate that targeted optimization 
approaches can lead to significant advancements in 
performance for medical image analysis tasks. 

2. Methods 

Figure 1 illustrates the research methodology, which 
consists of four key stages: (a) Data Collection, (b) Data 
Preprocessing, (c) Model, and (d) Model Evaluation. 
The dataset, collected for eye disease detection, is 
analyzed for class distribution and divided into training, 
validation, and testing. Preprocessing includes noise 
reduction, data augmentation, and normalization to 
enhance image quality. The architecture uses 
EfficientNet-B5 with pre-trained weights, followed by 
GlobalAveragePooling2D, a 512-unit ReLU dense 
head, and a Softmax layer for multi-class prediction. 
Training uses the Adam optimizer with fine-tuning and 
a 0.001 learning rate, while evaluation employs a 
Confusion Matrix, Classification Report, and 
Misclassification Analysis to measure model 
performance.

 

 
Figure 1. Research Flow

2.1 Data Collection 

The Ocular Disease Intelligent Recognition (ODIR) 
dataset serves as a comprehensive ophthalmic resource 

comprising medical records from approximately 5,000 
patients. It includes color fundus image of both right 
and left eyes, accompanied by diagnostic annotations 
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provided by medical specialists. The dataset was 
compiled from various hospitals and medical 
institutions across China under the supervision of 
Shanggong Medical Technology Co., Ltd., ensuring 
that it reflects real-world clinical environments [23]. 
Fundus images were obtained using several commercial 
retinal imaging devices such as those produced by 
Canon, Zeiss, and Kowa resulting in variations in image 
resolution. To guarantee accurate labeling, a thorough 
annotation process was carried out by trained experts 
who classified the images into four diagnostic 
categories: Normal, Diabetic Retinopathy, Cataract, 
and Glaucoma, all under strict quality assurance 
protocols show in Figure 2. 

 
Figure 2. Class Dataset Collection 

2.2 Data Preprocessing 

Dataset is split into three class: training use 70%, 
validation use 15%, and test use 15%, each containing 
fundus images from four diagnostic categories: Normal, 
Glaucoma, Cataract, and Diabetic Retinopathy show in 
figure 3. The distribution of images across these 
categories is depicted in the bar charts, showcasing a 
relatively balanced dataset across all subsets. 

   
(a) (b) (c) 

Figure 3. Split Dataset Collection. (a) Train Data, (b) Validation 
Data, (c) Test Data 

In the training set, the number of images per category 
varies slightly, with Diabetic Retinopathy having the 
highest count and Glaucoma the lowest. The validation 
and test sets follow a similar distribution pattern, 
ensuring consistency in model evaluation. The overall 
dataset consists of 4,217 images, distributed as follows: 
Glaucoma (1,007 images), Diabetic Retinopathy (1,098 

images), Cataract (1,038 images), and Normal (1,074 
images). The uniform distribution across categories 
reduces bias during model training and enhances 
generalizability for disease classification. 

Preprocessing data plays a vital role in maintaining the 
consistency, quality, and reliability of the dataset prior 
to model training. In this study, all fundus images were 
resized to a uniform resolution of 224×224 pixels to 
ensure sample consistency while retaining essential 
ophthalmic details. [24]. Given that the original images 
were acquired using various camera models with 
different resolutions, this resizing step was necessary to 
ensure compatibility with deep learning architectures. 
We normalized pixel intensities to a fixed range, 
improving numerical stability and speeding up training 
convergence [25]. To augment data diversity and 
mitigate the risk of overfitting, data augmentation 
techniques were employed, encompassing rotation (up 
to 30 degrees), horizontal and vertical flipping, and 
brightness adjustments within the range of 0.5 to 1.5 [6]. 
These augmentation strategies produced disciplined 
variations in the training data, enhancing generalization 
to previously unseen examples, as illustrated in Figure 
4. 

 
Figure 4. Data Augmentation 

In addition to data augmentation, noise reduction 
techniques were incorporated to suppress unwanted 
artifacts and enhance the clarity of diagnostically 
relevant visual features, ensuring accurate disease 
classification. The preprocessing pipeline was 
implemented using ImageDataGenerator, where 
augmentation transformations were exclusively applied 
to the training dataset, whereas the validation and test 
datasets remained unaltered to preserve their integrity 
for unbiased evaluation.  

The dataset was subsequently structured for multi-class 
classification, facilitating the differentiation between 
normal and pathological conditions such as diabetic 
retinopathy, glaucoma, and cataract. Furthermore, an 
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efficient batch-loading mechanism was utilized to 
optimize memory usage and ensure systematic data 
shuffling during training. Collectively, these 
preprocessing steps played a pivotal role in enhancing 
dataset quality, improving model generalization, and 
ensuring robust classification performance in ocular 
disease recognition. 

2.3 Model 

The proposed deep learning framework is based on the 
EfficientNet-B5 architecture, a pretrained CNN 
recognized for its excellent balance between 
computational efficiency and classification accuracy. 
This equilibrium is attained using a compound scaling 
technique that simultaneously optimizes the network 
depth, width, and input resolution, as illustrated in 
Figure 5.  

 
Figure 5. Model Architecture 

EfficientNet-B5 was selected over other variants in the 
EfficientNet family due to its superior performance on 
medical imaging tasks and its ability to capture more 
complex visual features while maintaining a 
manageable model size and training time.  

In this study, EfficientNet-B5 was fine-tuned using the 
ODIR dataset with specific hyperparameter 
configurations: a batch size of 32, a learning rate of 
0.0001, a dropout rate of 0.5 to reduce overfitting, and 
early stopping applied during 60 training epochs based 
on validation loss split in without augmentation, 
augmentation, and fine-tuning. These parameters were 
optimized empirically to balance model performance 
and training stability. 

The features are extracted, a GlobalAveragePooling2D 
layer is applied to transform the spatial feature maps 
into a compact feature vector, which helps reduce 
computational complexity while retaining essential 
discriminative information [26]. Mathematically, the 
global average pooling (GAP) operation can be 
expressed as Formula 1. 

𝑍𝑍𝑘𝑘 = 1
𝐻𝐻 × 𝑊𝑊

∑ ∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖𝑊𝑊
𝑗𝑗=1

𝐻𝐻
𝑖𝑖=1                (1) 

𝑍𝑍𝑘𝑘 is the output for the 𝑘𝑘 − 𝑡𝑡ℎ feature map, 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 
represents the activation at spatial location (𝑖𝑖, 𝑗𝑗) in the 
𝑘𝑘 − 𝑡𝑡ℎ feature map, and 𝐻𝐻 × 𝑊𝑊 denotes the spatial 
dimensions of the feature map. This operation 
effectively computes the mean activation of each 
feature map, ensuring spatial invariance. 

After pooling, the classification head applies a 512-unit 
Dense layer with ReLU activation [27]. Which is 
mathematically expressed as Formula 2. 

𝑓𝑓(𝑥𝑥) = max (0, 𝑥𝑥)               (2) 

This activation function introduces non-linearity into 
the model, ensuring the learning of complex patterns 
[28]. Additionally, L2 regularization is applied to the 
fully connected layers to prevent overfitting. L2 
regularization, also known as weight decay, penalizes 
large weight values and is given as formula 3. 

𝐿𝐿𝑟𝑟𝑟𝑟𝑟𝑟 =  𝜆𝜆∑ 𝑤𝑤12𝑖𝑖                (3) 

The weights are denoted by 𝑤𝑤, and λ specifies the 
regularization intensity. The last layer a Dense layer 
with Softmax produces the class probability outputs 
[29]. The Softmax function is defined as Formula 4. 

𝑃𝑃(𝑦𝑦𝑖𝑖) = 𝑒𝑒𝑧𝑧𝑧𝑧

∑ 𝑒𝑒𝑧𝑧𝑧𝑧𝑗𝑗
                (4) 

𝑃𝑃(𝑦𝑦𝑖𝑖) represents the probability of class 𝑖𝑖𝐼𝐼 and 𝑧𝑧𝑖𝑖 is the 
output score for class 𝑖𝑖. The Softmax function 
guarantees that the probabilities of all classes sum to 
one, making it well-suited for multi-class classification 
tasks. 

By integrating an EfficientNet-B5 backbone for feature 
extraction with global average pooling for dimension 
reduction, a dense head for feature mapping, and a 
Softmax classifier, the model attains a strong accuracy–
efficiency trade-off. Moreover, L2 regularization curbs 
overfitting and improves generalization to unseen data. 

 

2.4 Data Evaluation 

The model performance is evaluated using key 
assessment metrics, including the confusion matrix, 
classification report, and misclassification analysis. The 
confusion matrix serves as a core method for evaluating 
classification effectiveness, offering a structured 
overview of true positives (TP), false positives (FP), 
true negatives (TN), and false negatives (FN) [6]. This 
matrix can be formally represented as Formula 5. 

�𝑇𝑇𝑇𝑇 𝐹𝐹𝐹𝐹
𝐹𝐹𝐹𝐹 𝑇𝑇𝑇𝑇�                (5) 

Where 𝑇𝑇𝑇𝑇 indicates correctly classified positive 
instances, 𝐹𝐹𝐹𝐹 refers to incorrectly predicted positive 
samples, 𝑇𝑇𝑇𝑇 denotes correctly identified negative 
cases, and 𝐹𝐹𝐹𝐹 represents missed positive detections. 
From these values, several key performance metrics can 
be derived, including F1-score, precision, accuracy, and 
recall. Accuracy is computed as Formula 6.  
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𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹

              (6) 

Although accuracy is widely used, it often fails to fully 
represent model performance, particularly in scenarios 
involving class imbalance. Therefore, additional 
evaluation metrics like recall, precision, and F1-score 
are crucial to provide a more thorough and 
comprehensive performance assessment. 

 

Precision or Positive Predictive Value is the fraction of 
correctly predicted positives among all positive 
predictions, as defined in Formula 7.  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

               (7) 

Recall also termed Sensitivity indicates the model 
ability to retrieve actual positives correctly show in 
Formula 8. 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

                (8) 

Providing a single trade-off metric, the F1-score is 
defined as the harmonic mean of precision and recall 
show in  Formula 9.  

𝐹𝐹1 = 2 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃×𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃×𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

              (9) 

A comprehensive classification report lists these 
metrics per class, revealing how well the model 
separates categories. Furthermore, misclassification 
analysis is performed to investigate the specific cases 
where the model fails. This involves identifying 

samples with high misclassification rates, analyzing 
patterns of errors, and determining whether they arise 
due to factors such as class overlap, insufficient training 
data, or misleading features. Such analysis is crucial for 
refining the model, adjusting decision thresholds, or 
implementing additional preprocessing techniques to 
enhance classification performance. 

3. Results and Discussions 

This section analyzes model performance through 
Model Training and Evaluation, Result Visualization, 
and Comparison Result. Training strategies, including 
baseline, augmentation, and fine-tuning, are evaluated 
based on accuracy and loss. Comparative analysis 
highlights improvements and limitations in accuracy, 
generalization, and efficiency, providing insights into 
the model’s robustness for eye disease.  

3.1 Model Training and Evaluation 

In the initial training phase, EfficientNet-B5 was 
trained on the eye disease dataset without data 
augmentation for 20 epochs show in Figure 6. The 
model started with a training accuracy of 61.82% and 
validation 57.11% in the first epoch. Over the course of 
training, the training accuracy improved to 76.73%, but 
validation accuracy remained unstable, peaking at 
63.27% in epoch 13 before declining to 58.29% in the 
final epoch. The increasing validation loss, from 1.09 in 
epoch 4 to 1.16 in epoch 20, indicated potential 
overfitting due to insufficient dataset variability.  

 
Figure 6. Result Without Augmentation 

To improve generalization, data augmentation 
techniques such as random rotation, flipping, and 
zooming were applied, as illustrated in Figure 7. This 
resulted in a slight improvement in the initial accuracy 
(63.30% training, 56.40% validation) and led to more 
stable learning dynamics. By epoch 20, training 
accuracy reached 76.80%, and validation accuracy 
improved to 63.03%, with validation loss stabilizing at 
1.03%. These results suggest that augmentation helped 
mitigate overfitting and improved pattern recognition, 
though the gains in validation accuracy were still 
limited, highlighting the need for further optimization.   

Fine-tuning was then applied to allow deeper layers of 
EfficientNet-B5 to adapt to the specific characteristics 
of the dataset. This phase significantly increased 
computational demands, with training time rising to 
1,491 seconds per epoch. The model demonstrated 
substantial performance improvements, achieving 
67.57% accuracy in the first epoch. By epoch 5, training 
accuracy surged to 89.88%, while validation accuracy 
reached 91.15% in epoch 20. Validation loss also 
decreased significantly to 0.3425, indicating enhanced 
and robustness in distinguishing eye disease patterns.  
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Figure 7. Result Augmentation 

 
Figure 8. Result Fine-tuning 

These results highlight the crucial role of fine-tuning in 
optimizing the performance of the EfficientNet-B5 
model for eye disease classification, as depicted in 
Figure 8. While data augmentation contributed to better 
feature extraction and reduced overfitting, fine-tuning 
played a crucial role in leveraging pre-trained 
representations, ultimately leading to a more accurate 
and stable model. 

Table 1. Result of Model 

Metrics Result 
Accuracy 93.23% 
Precision 93.0% 
Recall 93.0% 

Table 1 showcases the model’s comprehensive 
performance following the fine-tuning process, 
highlighting notable enhancements in both accuracy 
and reliability. The model attained a high accuracy rate 
of 93.23%, signifying strong overall predictive power 
across various categories. Furthermore, the precision, 
recall, and F1-score each reached 93.0%, indicating 
consistent and balanced performance in correctly 
identifying positive cases while reducing 
misclassifications. These outcomes underscore the 
impact of fine-tuning in refining feature extraction and 
boosting the model's ability to generalize effectively in 
eye disease classification tasks. 

3.2 Result Visualization 

The Result Visualization section analyzes the confusion 
matrices from three training scenarios: without 
augmentation, with augmentation, and after fine-tuning 
show in Figure 9. Without augmentation, the model 
struggled to differentiate between glaucoma and normal 
cases, misclassifying 30 glaucoma samples as diabetic 
retinopathy and correctly identifying only 21 normal 
cases. Cataract classification showed relatively good 
accuracy (72 correctly classified), while diabetic 
retinopathy had minor misclassifications, with 8 cases 
predicted as normal. These results indicate the model's 
limited generalization due to insufficient dataset 
variability.   

Applying data augmentation improved classification 
performance, particularly for normal and glaucoma 
cases. Cataract classification remained stable (72 
correct), while diabetic retinopathy had slightly more 
misclassification as normal (18 cases). However, 
glaucoma classification improved, reducing 
misclassification with diabetic retinopathy (from 30 to 
21). Normal cases were identified with better accuracy 
(38 correct vs. 21 previously), reducing confusion with 
other categories. These improvements suggest that 
augmentation helped the model learn more robust 
features and mitigate overfitting.   
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(a) (b) 

 
(c) 

Figure 9. Confusion Matrix. (a) Without Augmentation, (b) Augmentation, (c) After Fine-tuning

Fine-tuning significantly enhanced classification 
accuracy across all categories. Cataract and diabetic 
retinopathy were nearly perfectly classified (103/104 
and 110/110, respectively), while glaucoma improved 
to 81 correctly classified cases. Although some 
confusion remained between normal and glaucoma (17 
misclassified cases), normal classification reached 98 
correct predictions, showing strong generalization. 
These results indicate that fine-tuning successfully 
utilized the pre-trained features, resulting in a more 
accurate and robust model for eye disease classification. 

Table 2. Classification Report 

 Precision Recall F1-
Score Support 

Cataract 95.0% 99.0% 97.0% 104 
Diabetic Retinopathy 96.0% 100.0% 98.0% 110 
Glaucoma 98.0% 80.0% 98.0% 101 
Normal 84.0% 92.0% 88.0% 107 

Diabetic retinopathy and cataract classes the highest 
effectiveness, with F1-scores of 98.0% and 97.0%, 
respectively, supported by both high precision (96.0% 
and 95.0%) and recall (100% and 99.0%), indicating 
excellent detection capability with minimal false 
negatives show in Table 2. The glaucoma class 
achieved a precision of 98.0%, showing few false 
positives; however, its recall was lower at 80.0%, 
suggesting that some glaucoma cases were missed. The 

normal class achieved balanced performance with a 
precision of 84.0% and recall of 92.0%, resulting in an 
F1-score of 88.0%. Both the macro and weighted 
average F1-scores stood at 93.0%, reflecting a well-
distributed model performance across all classes, 
particularly in detecting high-risk conditions such as 
diabetic retinopathy and cataract. 

3.3 Comparison Result 

To gain deeper insights into the performance outcomes, 
the proposed EfficientNet-B5 model enhanced through 
normalization, data augmentation, and noise reduction 
preprocessing is compared against several existing 
models. These existing approaches utilize different 
feature extraction techniques from those employed in 
this study, as seen in Table 3. 

Table 3 provides a comparative analysis between the 
proposed method and several previous studies in the 
domain of eye disease classification. The work by [30], 
which utilized the InceptionV3 model with data 
augmentation but without fine-tuning, achieved an 
accuracy of 79.02% across four classes. Meanwhile, 
[21] focused on a binary classification task and 
employed the ResNet152 model with data 
augmentation and fine-tuning, reaching an accuracy of 
89.17%.  
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Table 3. Comparison with previous work 

Author Classes Pre-Processing Model Fine-tune Accuracy 
[30] 4 Data Augmentation InceptionV3 × 79.02% 
[21] 2 Data Augmentation ResNet152 √ 89.17% 
[20] 4 Converting images to arrays, Data Augmentation CNN √ 89.81% 

Our Result 4 Normalization, Data Augmentation, Noise Reduction EfficientNet-B5 √ 93.23% 

Another study [20] used a custom CNN model with 
image-to-array conversion and data augmentation, 
along with fine-tuning, achieving an accuracy of 
89.81% on four classes. In contrast, the proposed 
approach in this study combines normalization, data 
augmentation, and noise reduction as preprocessing 
techniques and integrates fine-tuning into the 
EfficientNet-B5 model. This method yielded the 
highest accuracy of 93.23%, demonstrating its superior 
performance and the effectiveness of the chosen 
preprocessing and fine-tuning strategies. 

4. Conclusions 

This study successfully demonstrates the effectiveness 
of the EfficientNet-B5 model in classifying eye diseases 
through a structured training approach involving 
baseline modeling, data augmentation, and fine-tuning. 
Starting from a baseline accuracy of 60.43%, the 
integration of data augmentation increased the 
performance to 63.03%, while fine-tuning significantly 
boosted accuracy to 93.23%. Compared to previous 
approaches using models such as InceptionV3, 
ResNet152, and conventional CNNs, the proposed 
method—enhanced with normalization, data 
augmentation, and noise reduction—consistently 
outperformed in terms of accuracy. These findings 
affirm the importance of fine-tuning and advanced 
preprocessing in improving model generalization for 
medical image classification tasks. This study is limited 
to a single dataset and controlled experimental 
environment. Future work should explore validation 
across multiple datasets and real-world clinical settings 
to assess generalizability and practical deployment 
potential of the proposed system. 
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