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Abstract: Retinal diseases remain one of the leading causes of blindness worldwide. 

This study develops a deep learning pipeline for multiclass retinal disease 

classification using EfficientNet-B3 combined with Albumentations to improve 

generalization. We target four classes: cataract, diabetic retinopathy, glaucoma, and 

normal. We use the Kaggle Retinal Disease dataset (4,217 fundus images) divided 

into 70% training, 10% validation, and 20% testing. Images are resized to 224×224 

and augmented with horizontal flip, random brightness contrast, CLAHE, shiftscale 

rotate, crop, gamma correction, and elastic transformation. The EfficientNet-B3 

backbone is refined after head training with warm-up and learning rate regularization 

(batch normalization, dropout). After 50 epochs, the best validation performance 

reaches 0.9526, and on the hold-out test set, the model achieves 95.38% overall 

accuracy. The F1 scores per class were 1.0000 (diabetic retinopathy), 0.9685 

(cataract), 0.9255 (normal), and 0.9184 (glaucoma). Confusion analysis showed that 

most errors involved glaucoma being misclassified as normal, likely due to optic disc 

similarities. These results demonstrate that EfficientNet-B3 with targeted 

augmentation provides accurate and reliable multi-disease screening of fundus 

images, with the potential to support faster and more consistent triage in clinical 

workflows. Future research should expand clinical validation and explore attention 

mechanisms or multimodal input to reduce glaucoma-normal ambiguity. 

 

Keywords: albumentations; cataract; diabetic retinopathy; EfficientNet-B3; fundus 

images; glaucoma; retinal disease classification 

 

INTRODUCTION  

Retinal diseases are a leading cause of blindness and vision impairment worldwide, significantly impacting 

millions of people (Alzami et al., 2019). Among these, diabetic retinopathy (DR), glaucoma, cataracts, and age-

related macular degeneration (AMD) are the most common, with diabetic retinopathy being a major cause of 

blindness in working-age adults (Cahya et al., 2021). DR results from long-term damage to the retina due to 

diabetes, often leading to vision loss if not detected and treated early (Mellor et al., 2023). As the global prevalence 

of diabetes increases, so does the incidence of DR and other retinal diseases, making early detection essential 

(Mouhafid et al., 2025). 

Traditionally, diagnosing retinal diseases has relied on expert ophthalmologists who manually analyze retinal 

images using techniques like fundus photography. While effective, this process is time-consuming and dependent 

on the clinician’s experience (Meedeniya et al., 2025). Additionally, it can be prone to subjectivity and 

inconsistencies, which may lead to delayed or incorrect diagnoses (Tiwari et al., 2025). To address these 

challenges, there has been growing interest in automating retinal disease diagnosis using deep learning (DL), 

particularly convolutional neural networks (CNNs). These models have shown considerable promise in medical 

image analysis by learning and extracting relevant features from images without human intervention (Bilal et al., 

2025). 
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Recent advancements in deep learning have led to the development of more efficient and accurate models for 

retinal disease classification. One such model, EfficientNet-B3, has become a prominent solution due to its balance 

of high accuracy and computational efficiency (Hussain et al., 2024). EfficientNet-B3 achieves superior 

performance with fewer parameters compared to traditional CNN architectures, making it suitable for real-time 

clinical applications where computational resources may be limited (Jatmoko et al., 2024). 

In addition to the use of efficient architectures like EfficientNet-B3, data augmentation techniques are vital 

for improving the generalization of deep learning models. Albumentations, a popular data augmentation library, 

provides a wide range of image transformations that help expand the training dataset by introducing variability, 

such as rotations, flips, and color adjustments (Qulub et al., 2024). This increased diversity in the data reduces 

overfitting and improves the model’s ability to generalize to unseen data, which is especially important in medical 

image classification where annotated datasets are often limited and imbalanced (Jatmoko et al., 2024). 

The integration of EfficientNet-B3 with Albumentations augmentation holds great potential for enhancing the 

accuracy and reliability of automated retinal disease detection systems. Such systems can provide faster, more 

consistent diagnoses, easing the burden on ophthalmologists and enabling early intervention for retinal diseases 

(Hussain et al., 2024). This is particularly beneficial in underserved regions where access to specialists may be 

limited (Xu et al., 2021). Automated systems could also support cost-effective screening programs, offering a more 

accessible diagnostic tool for early detection of retinal diseases, particularly in developing countries (Basit et al., 

2025). 

Despite the promising potential of deep learning for retinal disease classification, several challenges remain. 

One major challenge is the lack of large, high-quality annotated datasets, which are essential for training deep 

learning models (Anwar et al., 2025). While public datasets are available, they are often small, unbalanced, or may 

not fully represent the diversity of retinal diseases encountered in real-world clinical settings (Giammarco et al., 

2025). Another challenge is model interpretability. Medical professionals need transparent models that can explain 

their decisions, especially in critical cases (Mohan et al., 2025). To overcome these issues, further research is 

needed to improve model generalization and ensure that automated diagnosis systems are both reliable and 

interpretable (Aldrees et al., 2025). 

Despite notable progress, existing studies still leave several important gaps, including the absence of multi-

disease classification using EfficientNet-B3, limited augmentation strategies evaluated for improving model 

generalization, and the lack of assessments that represent diverse real-world imaging conditions. These limitations 

indicate the need for an approach that is more robust across multiple retinal diseases. To address this gap, this 

study develops a classification model based on EfficientNet-B3 combined with Albumentations to increase data 

variability and reduce overfitting. The research objectives are to build an efficient multi-disease classifier and 

evaluate its performance using accuracy, precision, recall, and F1-score as standardized metrics, providing a 

stronger baseline that can be expanded in future clinical-focused research. 

This study contributes by developing an EfficientNet-B3–based multiclass classifier trained on publicly 

available fundus images, integrating Albumentations augmentation to improve generalization, and providing an 

empirical baseline for evaluating model performance across four retinal disease categories. These contributions 

offer a foundation that can be expanded in future work related to clinical validation and interpretability-oriented 

methods. 

 

LITERATURE REVIEW 

This section reviews the current literature on retinal disease classification by examining the methods, 

datasets, and limitations of previous studies to provide context for this research. Although many studies have 

successfully detected specific retinal diseases, challenges still persist in developing models that can classify 

multiple diseases simultaneously, handle limited and varied datasets, and maintain consistent performance without 

relying on clinical validation or interpretability techniques. 

 

Table 1. Stage of Art Literature Review 
Authors Year Datasets Methods Augmentation Accuracy Limitations 

(Jatmoko et 

al., 2024a) 

2024 Kaggle Retinal 

Disease dataset 

EfficientNet-B3 

with DenseNet  

Augmentation was 

not reported 

94.33% Further improvements 

are needed to improve 

the accuracy of the 

classification process. 

(Basit et al., 

2025) 

2025 Qatari Biobank 

retinal dataset 

Deep Learning with 

CNN-based transfer 

learning 

Augmentation was 

not reported 

99.76% High computational cost, 

not applicable to all 

retinal diseases. 

(Mouhafid 

et al., 2025) 

2024 Glaucoma 

dataset 

(ORIGA, 

ACRIMA) 

Multi-branch CNN 

with Bayesian 

optimization 

Augmentation was 

not reported 

95.09% Limited to glaucoma 

detection, not 

generalizable to other 

diseases. 
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(Tiwari et 

al., 2025) 

2025 Diabetic 

Retinopathy 

dataset 

(MESSIDOR) 

SVM vs CNN for 

DR detection 

Using augmentation 

in general without 

technical details. 

87.5% Just focused on DR, 

lacking multi-disease 

detection. 

(Hussain et 

al., 2024) 

2024 Kaggle Retinal 

Disease dataset 

EfficientNet-B3 + 

Data Augmentation 

Using simple 

augmentation in the 

form of horizontal 

flipping 

94% Small dataset, overfitting 

issues, lacks clinical 

real-time validation. 

(Jatmoko et 

al., 2024b) 

2024 Eye Disease 

dataset from 

local hospitals 

CNN with Image 

Preprocessing 

(CLAHE) 

Augmentation was 

not reported 

94.5% High reliance on manual 

annotations, limited to 

single institutions. 

(Giammarc

o et al., 

2025) 

2025 OCT Image 

Dataset from 

local clinics 

Explainable AI, 

CNN with CAM for 

localization 

Using K-Fold Cross 

Validation instead of 

augmentation 

92.5% Focused on localization, 

not comprehensive 

disease classification. 

(Meedeniya 

et al., 2025) 

2025 ORIGA, 

ACRIMA 

datasets 

CNN-based 

glaucoma detection 

Using augmentation 

in general without 

technical details. 

94.5% Not applicable for multi-

disease classification. 

(Qulub et 

al., 2024) 

2024 Fundus images 

from multiple 

hospitals 

CNN-based 

detection with image 

preprocessing 

Using augmentation 

in general without 

technical details. 

88.9% Overfitting on small 

dataset, dependency on 

manual image labelling. 

 

The research gap table reveals several challenges faced by existing studies. One significant limitation is the 

focus on single-disease detection. For example, (Mouhafid et al., 2025) and (Basit et al., 2025) achieve high 

accuracy in detecting these diseases, they reaching 95.09% and 99.76% accuracy. However, these studies typically 

focus on one disease at a time, leaving a gap in multi-disease classification, which is essential in clinical settings. 

This research, using EfficientNet-B3 and Albumentations augmentation, aims to explore multi-disease 

classification by evaluating four retinal conditions (cataract, diabetic retinopathy, glaucoma, and normal) thus 

providing an initial benchmark for models that handle multiple classes within a unified framework. 

Another major challenge is dataset limitations. (Hussain et al., 2024) and (Qulub et al., 2024) use small or 

imbalanced datasets, which result in overfitting and poor generalization. They report 94% and 88,9% accuracy, 

but acknowledge the overfitting issues. To overcome this, we research applies Albumentations data augmentation, 

increasing dataset diversity through transformations like rotations, flips, and color adjustments. These 

augmentations help improve the model’s robustness during training, although they do not fully resolve the broader 

challenges of dataset diversity found in real clinical environments. 

The lack of clinical validation is another gap in existing studies. (Jatmoko et al., 2024a) and (Hussain et al., 

2024) report high accuracy in controlled environments, but their models lack testing in real-world clinical settings. 

(Basit et al., 2025) also highlight high computational costs, which limit applicability. This study focuses on 

improving model generalization using data augmentation and transfer learning. The evaluation is conducted 

entirely on publicly available Kaggle retinal datasets; therefore, clinical validation is left for future work. 

Interpretability remains a significant challenge in retinal disease classification. Previous studies such as 

(Giammarco et al., 2025) and (Jatmoko et al., 2024b) employed Class Activation Mapping (CAM) and CLAHE 

to highlight disease-related regions, although their focus was limited to specific conditions. This study focuses on 

improving classification performance across multiple retinal diseases using EfficientNet-B3 and Albumentations 

augmentation. While interpretability techniques such as Grad-CAM or saliency maps are not implemented in this 

work, they represent an important direction for future research to enhance transparency and clinical acceptance. 

Although several studies report issues related to dataset imbalance in retinal disease classification, such as in 

(Tiwari et al., 2025) and (Meedeniya et al., 2025). This study applies Albumentations augmentation to increase 

visual diversity during training. The purpose of this augmentation is not specifically to balance class proportions, 

but to improve the model’s ability to generalize to various retinal image variations. This approach helps enhance 

robustness and reduce overfitting, particularly when working with datasets that may contain subtle differences 

between classes. 

In conclusion, the research gaps identified in the existing literature indicate the need for multi-disease 

classification models, stronger generalization across diverse datasets, and approaches that offer better transparency 

in the decision-making process. This study utilizes EfficientNet-B3 combined with Albumentations augmentation 

to improve robustness and achieve high classification performance on fundus images. Although the experiments 

are limited to a public dataset, the proposed approach demonstrates promising results and provides a foundation 

that can be extended toward broader clinical applications in future studies. This work contributes to existing 

research by presenting a model that effectively classifies multiple retinal diseases and offers a baseline for further 

improvement in clinical validation and interpretability-oriented methods. 
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METHOD 

This study uses an experimental approach to develop a deep learning-based retinal disease classification 

system utilizing the EfficientNet-B3 architecture combined with the Albumentations augmentation technique. The 

research methodology is systematically structured, starting from data collection, pre-processing, augmentation, 

model training, and performance evaluation using appropriate classification metrics. 

 

Dataset and Data Sharing 

The dataset used in this study comes from the Kaggle Retinal Disease Dataset, which contains 4,217 retinal 

fundus images divided into four main categories: Cataract, Diabetic Retinopathy, Glaucoma, and Normal, which 

are visualized in the image below. All images are in RGB format with resolutions varying between 256x256 and 

512x512 pixels. Before being used in the training process, all images were resized to 224x224 pixels to match the 

standard input of the EfficientNet-B3 architecture. 

 

 
Fig. 1 Dataset Distribution 

 

The distribution of the number of images for each class can be seen in the figure 1 above, which visualizes 

the relatively balanced number of datasets between classes. The dataset was then divided into three subsets using 

a stratified sampling method: 70% for training (2,951 images) were used as the training set, which served to train 

the model and adjust the neural network weights, 10% for validation (422 images) were used as the validation set 

to monitor model performance during the training process and prevent overfitting, and 20% for testing (844 

images). Then, for the test data, which amounted to 844 images, the class distribution is as follows: Cataract with 

208 images, Diabetic Retinopathy with 220 images, Glaucoma with 201 images, and Normal with 215 images. 

This distribution is used to support all evaluation metrics per class reported in the Results Chapter. The 70–10–20 

ratio was chosen from a similar reference journal because it yields better results in deep learning-based research 

and provides sufficient data for the learning process. The data distribution proportions are visualized in Figure 2, 

while Figure 3 shows some examples of retinal images from each disease class used in this study. 

 

 
Fig. 2 Dataset Spliting 
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Fig. 3 Dataset Sample Images 

Preprocessing and Data Augmentation 

The preprocessing stage involves image augmentation using the Albumentations library, which expands 

visual variation and reduces the risk of overfitting. This technique helps the model recognize retinal images under 

varying conditions, such as lighting, orientation, and texture differences commonly found in medical images. For 

details, see the table below. 

 

Table 2. Pipeline Augmentation  
Transformation (Variabel) Parameter / Value Describtion 

HorizontalFlip p = 0.5 Flips the image horizontally with 50% probability to 

simulate left–right retinal orientations and improve 

directional adaptability. 

RandomBrightnessContrast p = 0.2 Randomly adjusts brightness and contrast (20%) to handle 

illumination variations in retinal images. 

CLAHE (Contrast Limited 

AdaptiveHistogram Equalization) 

p = 0.3 Enhances local contrast (30%) in dark retinal regions, 

making vessels and fine structures more visible. 

ShiftScaleRotate shift_limit=0.02, 

scale_limit=0.05, 

rotate_limit=5, p=0.4 

Randomly shifts the image position (up to 2%), scales it 

(±5%), and rotates it (±5°) with 40% probability to simulate 

minor camera movements and improve model robustness to 

positional variations. 

RandomSizedCrop min_max_heigh t= (150, 

224), size = (224,224), 

p=0.3 

Randomly crops image regions with heights between 150–

224 pixels, then resizes them to 224×224. This helps the 

model in 30% focus on key retinal areas such as the macula 

and optic disc. 

RandomGamma p = 0.2 Randomly in 20% applies gamma correction to adjust non-

linear lighting and enrich color intensity variations. 

ElasticTransform p = 0.2 Applies in 20% random elastic deformation to simulate 

natural distortions from eye or camera movement without 

altering retinal anatomy. 

 

 

The results of applying this augmentation pipeline yield a wider variety of retinal images without altering 

key biological characteristics. An example of the augmentation results is shown in Figure 4, which shows the 

original retinal image along with the various transformations applied. 

Fig. 4 Albumentations Augmentation Results 
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Model Architecture Design 

The model used in this study is EfficientNet-B3, which consists of two main components: a feature extractor 

(backbone) and a classifier head. The backbone extracts feature from 224x224x3 pixel retinal images through 

several convolution blocks. The process begins with a preprocessing stage, followed by an initial convolution layer 

(3x3 Conv) with a stride of 2, resulting in an output size of 150x150 pixels. The features are then processed through 

several Mobile Inverted Bottleneck Convolution (MBConv) blocks with 3x3 and 5x5 kernel configurations, 

varying the number of iterations and strides, gradually reducing the spatial dimensionality from 150x150 to 10x10. 

Each MBConv block aims to enrich the image feature representation while maintaining parameter efficiency. 

 
Fig. 5 EfficientNet-B3 Model Architecture 

 

The classifier head receives the output from the backbone in the form of a 10x10 pixel tensor, which is then 

reduced to 1x1 using Global Average Pooling. Afterward, a Batch Normalization process is performed to stabilize 

the activation values before entering the Dropout layer with a removal rate of 0.3 to reduce the risk of overfitting. 

Next, the features are processed by a 512-neuron Dense layer with a ReLU activation function, followed by a 

second Batch Normalization and Dropout with a rate of 0.5. The final stage uses a Softmax layer to convert the 

output results into probabilities for each target class, resulting in a retinal disease classification prediction. The 

complete model structure can be seen in Figure 5 above. 

 

Evaluation Model 

The best model from the training results was evaluated using 844 retinal images from the test dataset, which 

were not involved in the training or validation process. The evaluation was conducted by measuring classification 

performance based on several key metrics: Accuracy, Precision, Recall, F1-Score, and two further derivatives: 

Macro Avg and Weighted Avg. All metrics were calculated based on the Confusion Matrix for each retinal disease 

class. 

 

Accuracy: the proportion of correctly classified samples out of the total. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
∑ 1(𝑦𝑖̂ = 𝑦𝑖)

𝑁
𝑖=1

𝑁
(1)  

 

Precision: the fraction of correct predictions within a given class. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(2) 

 

Recall: the fraction of actual class samples correctly identified. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(3) 

 

F1-score: harmonic mean of Precision and Recall. 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
(4) 

 

Macro-average F1 (Macro-F1): the unweighted average of F1 across all classes, reflecting balanced performance. 

Macro Average (Macro-Avg) =
1

𝐾
∑ 𝑀𝑘

𝐾

𝑘=1

(5) 

 

Weighted-average F1 (weighted-F1): the class-size-weighted average F1, accounting for class imbalance. 
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Weighted Avg =
∑ 𝑛𝑘

𝐾
𝑘=1 × 𝑀𝑘

∑ 𝑛𝑘
𝐾
𝑘=1

(6) 

 

Conceptually, Accuracy indicates the proportion of correctly classified samples out of the total. Precision 

represents the accuracy of predicting a class, Recall indicates the extent to which the model successfully recognizes 

all actual samples from that class, and the F1-Score is the harmonic mean between the two. Macro Avg provides 

an unweighted average of all values per class, reflecting the balance of performance between classes without 

considering the data size of each class. Meanwhile, Weighted Avg considers class size as a weight, providing a 

fairer picture in datasets with imbalanced distributions. 

This study, all of the above metrics were used to assess the model's ability to recognize four classes of retinal 

diseases: Cataract (208 images), Diabetic Retinopathy (220 images), Glaucoma (201 images), and Normal (215 

images). The evaluation was conducted to ensure that the model not only achieved high overall accuracy but also 

consistently performed across each retinal disease class.  

 

RESULT 

Training and Validation Performance 

The EfficientNet-B3 model was trained over 50 epochs. In the first 10 epochs, all base layers were frozen to 

ensure only the classification layer was trained, using a learning rate of 1e-3. The training process used callbacks 

such as EarlyStopping, ReduceLROnPlateau, and ModelCheckpoint to optimize the val_accuracy and val_loss. In 

the first epoch, the training accuracy was 0.5918, with a val_accuracy of 0.7583. In epoch 5, the val_accuracy 

increased to 0.8981, and in epoch 10, the validation accuracy was recorded at 0.8886, with the validation loss 

decreasing from 0.6036 to 0.3096.  

From epoch 11 onward, the learning rate was initially set to 1e-6 and gradually increased. In fine-tuning, 

LearningRateScheduler is used to set a warm-up at the beginning of each epoch with lower learning rates, namely 

1e-6, 5e-6, and 1e-5 for the first to third epochs. This aims to ensure more stable training and eliminate gaps when 

switching from head to fine. More specifically, the LR-Warm-Up logic aims to allow the model to gradually adapt 

to weight updates, minimizing initial fluctuations that can disrupt the optimization process. 

  

Fig. 6 Training Result Visualization 

 

The image above shows the results of this training process. In this training process, the highest accuracy 

reached 0.9121 and the val_accuracy increased to 0.9526, with the validation loss decreasing to 0.1631. Despite 

continued improvement, the training results stagnated after the 48th epoch, indicating that the model had achieved 

optimal performance on the existing dataset. Overall, Fine-Tuning increased the val_accuracy to 0.9526, while 

Head Training achieved a val_accuracy of 0.8981. The model shows stable performance, with the learning rate 

adjusted gradually to ensure good optimization without any indication of overfitting. 

 

Test Set Performance 

 After the training phase, the EfficientNet-B3 model was tested on 844 test data images consisting of four 

classes: Cataract (208 images), Diabetic Retinopathy (220 images), Glaucoma (201 images), and Normal (215 

images). The evaluation was carried out using Accuracy, Precision, Recall, and F1-Score metrics. The evaluation 
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results showed an overall accuracy of 95.38%. Below is a table showing the classification report of the model on 

the test data. 

 

Table 3. Classification Report for Test Set 

Class Precision Recall F1-Score Support 

Cataract 0.9756 0.9615 0.9685 208 

Diabetic Retinopathy 1.0000 1.0000 1.0000 220 

Glaucoma 0.9424 0.8955 0.9184 201 

Normal 0.8991 0.9534 0.9255 215 

Accuracy 0.9538 0.9538 0.9538 0.9538 

Macro Avg 0.9543 0.9526 0.9531 844 

Weighted Avg 0.9546 0.9538 0.9538 844 

 

 The table above shows that Diabetic Retinopathy performed perfectly, with precision, recall, and an F1-score 

reaching 1.0000. Cataract also performed very well, with an F1-score of 0.9685. Although Glaucoma had the 

lowest F1-score at 0.9184, this still represents a fairly good result. Meanwhile, Normal had an F1-score of 0.9255. 

 Overall, this model demonstrated excellent identification capabilities for retinal diseases. The Diabetic 

Retinopathy class performed best, followed by the Cataract class. Meanwhile, the Glaucoma and Normal classes 

ranked third and fourth, with slightly lower results. 

 

Confusion Matrix and Error Distribution  

 Confusion matrix in figure 7 below is analysis of the test data showed that the model distribution successfully 

classified retinal images. In the Cataract class, the model correctly classified 200 images, although 5 images were 

incorrectly classified as Normal and 3 images as Glaucoma. For the Diabetic Retinopathy class, the model correctly 

classified 220 retinal images. In the Glaucoma class, although 180 images were correctly classified, 18 images 

were incorrectly classified as Normal and 3 images as Cataract. Meanwhile, in the Normal class, 205 images were 

correctly classified, but 8 images were incorrectly classified as Glaucoma and 2 images as Cataract. 

 

 
Fig. 7 Confusion matrix 

 

 As seen in the figure above, the model demonstrated high performance with excellent accuracy in the Diabetic 

Retinopathy and Cataract classes. However, misclassifications were more frequent in Glaucoma, which is difficult 

to distinguish from Normal due to the visual similarities in the retinal fundus images, particularly in the optic disc 

area. Nevertheless, the model still shows stable performance with high accuracy, with overall accuracy reaching 

95.38% and high F1-score in almost all classes, which indicates its ability to classify retinal diseases effectively. 

 

Summary of Results 

 All experimental results demonstrate that the EfficientNet-B3 model trained with Albumentations 

augmentation achieves high performance in multi-class retinal disease classification. The training process 

demonstrated good stability across training and validation data, with a minimum loss of 0.16 and a peak accuracy 

of 95.38%. These results indicate that the model successfully learned while avoiding overfitting. Based on testing 

on 844 test images, the model achieved an overall accuracy of 95.38%. The Diabetic Retinopathy class performed 
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best with a perfect F1-score of 1.0000, demonstrating its ability to recognize the hallmarks of this disease. 

Conversely, the Glaucoma class had the lowest F1-score of 91.84%, due to the similarity of visual patterns to the 

Normal class, particularly in the optic disc area. 

 All results presented above are factual data from the experiments conducted, without any modifications or 

assumptions beyond the actual results. This reflects the model's performance. 

 

DISCUSSIONS 

Experimental results show that the EfficientNet-B3 model trained with Albumentations augmentation 

successfully achieved high performance in retinal disease classification. With 95.38% accuracy on the test data, 

this model demonstrated excellent ability to identify retinal diseases, especially in the Diabetic Retinopathy class, 

which had an F1-score of 1.0000. The Cataract class also performed very well with an F1-score of 0.9685. 

However, the Glaucoma class had the lowest F1-score of 91.82%, indicating challenges in distinguishing between 

Glaucoma and Normal due to the visual similarity of the optic disc. This is consistent with the confusion matrix 

results, where some Glaucoma images were incorrectly classified as Normal. 

Compared to previous research, the EfficientNet-B3 model showed a slight improvement in accuracy and 

training speed. For example, research by (Hussain et al., 2024) using the same model achieved 94% accuracy, 

while this model achieved 95.38% accuracy on a similar dataset. Despite this, distinguishing between glaucoma 

and normal classes remains a challenge, primarily due to the similarity of optic disc patterns, as reported in 

previous studies. This suggests that dataset bias could be a significant factor affecting model performance, as the 

dataset may not fully capture the diversity of clinical conditions, particularly subtle structural changes in glaucoma. 

One reason for the model’s performance is its use of Mobile Inverted Bottleneck Convolution (MBConv) 

blocks, which reduce computational costs while maintaining performance, making it suitable for real-time 

applications in medical image classification tasks. However, the model still struggles with distinguishing between 

classes with similar features, such as glaucoma and normal retinal images, highlighting the need for further 

optimization. In conclusion, while EfficientNet-B3 shows strong potential for retinal disease classification, 

challenges remain, particularly in distinguishing visually similar conditions. Future research should focus on 

incorporating more diverse and clinically validated datasets to reduce bias and improve generalizability, along 

with further analysis of feature representation and model optimization to enhance robustness and accuracy.  

 

CONCLUSION 

This study successfully developed the EfficientNet-B3 model with Albumentations augmentation for retinal 

disease classification, demonstrating superior accuracy and stability. The resulting model achieved 95.38% 

accuracy on the test data, with the highest F1-score in the Diabetic Retinopathy class, reaching 1.0000. However, 

the greatest challenge remained with the Glaucoma class, which faced classification difficulties due to its visual 

similarity to the Normal class, particularly in the optic disc area. 

The main contribution of this study is the application of augmented data techniques to improve model 

performance, particularly in addressing class imbalance in medical datasets. The effectiveness of this augmentation 

strategy in improving model generalization and robustness is a key contribution of the study. However, the model's 

limitations include challenges in distinguishing between visually similar classes like Glaucoma and Normal, and 

the dataset’s lack of diversity, which may impact the model’s generalizability to a wider range of clinical 

conditions. 

Suggestions for future research include using more diverse datasets to reduce bias and improve 

generalization, and incorporating multimodal imaging or transformer-based networks to handle more subtle visual 

differences between classes. Furthermore, the use of attention mechanisms in the model could be a crucial step in 

improving classification accuracy between classes with higher feature similarities, such as Glaucoma and Normal. 
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