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Abstract— Glaucoma is a chronic eye disease that can potentially cause permanent blindness if not detected 
early. This study aims to improve the generalization capability and reliability of glaucoma classification by 
optimizing the EfficientNetB0 architecture based on a Convolutional Neural Network (CNN). Optimization was 
carried out by applying double dropout (0.4 and 0.3) and adding a Dense layer with 128 ReLU-activated 
neurons to reduce overfitting and strengthen non-linear feature representation. The dataset used consists of 
1,450 fundus images (899 glaucoma and 551 normal) obtained from IEEE DataPort. Model performance 
evaluation was performed using accuracy, precision, recall (sensitivity), specificity, F1 score, and Area Under 
the Curve (AUC) metrics, complemented by confusion matrix analysis to assess overall classification 
performance. The results showed that the optimized EfficientNetB0 model consistently outperformed the 
baseline comparison model with the highest accuracy, precision, recall (sensitivity), specificity, F1 score, and 
AUC values of 95%. Based on the system performance results obtained, the Proposed model can be used as an 
aid for medical personnel in classifying glaucoma conditions so that they can provide appropriate medical 
treatment and reduce the risk of permanent blindness due to glaucoma. 
 
Keywords: classification, convolutional neural network, efficientnetb0, glaucoma. 
 
Intisari— Glaukoma merupakan penyakit mata kronis yang berpotensi menyebabkan kebutaan permanen 
apabila tidak terdeteksi secara dini. Penelitian ini bertujuan untuk meningkatkan kemampuan generalisasi 
dan keandalan klasifikasi glaukoma melalui optimasi arsitektur EfficientNetB0 berbasis Convolutional Neural 
Network (CNN). Optimasi dilakukan melalui penerapan dropout ganda (0,4 dan 0,3) serta penambahan 
lapisan Dense dengan 128 neuron beraktivasi ReLU untuk mengurangi overfitting dan memperkuat 
representasi fitur non-linear. Dataset yang digunakan terdiri dari 1.450 citra fundus (899 glaukoma dan 551 
normal) yang diperoleh dari IEEE DataPort. Evaluasi kinerja model dilakukan menggunakan metrik akurasi, 
presisi, recall (sensitivitas), spesifisitas, skor F1, dan Area Under the Curve (AUC), dilengkapi dengan analisis 
confusion matrix untuk menilai performa klasifikasi secara menyeluruh. Hasil penelitian menunjukkan bahwa 
model EfficientNetB0 yang dioptimalkan secara konsisten melampaui model pembanding dasar dengan 
capaian nilai akurasi, presisi, recall (sensitivitas), spesifisitas, skor F1, dan AUC tertinggi sebesar 95%. 
Berdasarkan hasil performansi sistem yang diperoleh, model yang usulkan dapat digunakan sebagai alat 
bantu tenaga medis dalam mengklasifikasikan kondisi glaukoma sehingga dapat memberikan penanganan 
medis yang tepat dan mengurangi resiko kebutaan permanen akibat glaukoma.  
 
Kata Kunci: klasifikasi, convolutional neural network, efficientnetb0, glaukoma. 
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INTRODUCTION 
 

The eyes are vital organs of sight that enable 
humans to receive and process visual information 
optimally in everyday life [1], [2], [3]. The important 
components of the eye include the cornea (main 
protector), pupil (light entry path), iris (light 
intensity regulator), lens (focuses light), retina 
(light detector), and optic nerve (signal transmitter 
to the brain) [4], [5], [6], [7]. Each component of the 
eye has a unique function that supports the others 
to ensure optimal vision. Therefore, maintaining 
eye health is crucial to prevent visual impairments 
such as nearsightedness and other eye diseases [8], 
[9], [10], [11], [12] Maintaining eye health can be 
done through simple steps, such as avoiding direct 
exposure to bright light, limiting screen time spent 
on electronic devices, and consuming nutritious 
foods that support vision function [13], [14]. 

Glaucoma is an eye disease that causes damage 
to the optic nerve, an important part that functions 
to transmit visual information from the eye to the 
brain [15], [16]. This damage is generally caused by 
increased pressure inside the eyeball (intraocular 
pressure), although in some cases it can occur even 
though eye pressure is within normal limits [17], 
[18]. High intraocular pressure can slowly compress 
and damage the optic nerve, resulting in decreased 
vision that usually begins in the peripheral areas 
(peripheral vision)[19], [20], [21]. Glaucoma can be 
identified by examining the optic disc in the retina 
of the eye, which is a critical area in detecting optic 
nerve damage due to increased intraocular pressure 
[22], [23], [24], [25]. This examination is typically 
performed using direct fundoscopy or digital fundus 
photography, which is considered the gold standard 
in the clinical diagnosis of glaucoma by an 
ophthalmologist [26], [27], [28], [29]. However, low 
image quality, the presence of imaging artifacts, or 
suboptimal contrast often make manual visual 
interpretation difficult, potentially leading to 
misdiagnosis in the form of false positives or false 
negatives [30], [31], [32]. 

Related research was conducted by [33] This 
study comprehensively compared AlexNet, 
MobileNetV2, EfficientNetV1, InceptionV3, and 
VGG19 architectures and explored various 
hyperparameter settings to determine the best 
combination in retinal image classification for 
glaucoma detection. The results indicated that the 
model with the custom layer successfully achieved 
the highest accuracy of 93%, indicating that 
architecture optimization and hyperparameter 
tuning play an important role in improving the 
performance of automatic early glaucoma detection. 
These findings provide an important contribution to 

the development of more accurate and efficient 
deep learning-based detection systems. 

Another study by [34] employed a 
combination of two approaches: detection using the 
ResNet-50 model, which is based on the Region-
based Convolutional Neural Network (R-CNN), and 
the cup-to-disc ratio (CDR) segmentation algorithm 
applied to retinal fundus images. This approach is 
designed to improve accuracy in differentiating 
normal and glaucoma conditions through optic disc 
morphology analysis. The results showed an 
average confidence level of 88%, confirming that 
the integration of deep learning-based detection 
and segmentation techniques is reliable in 
supporting the automatic early diagnosis of 
glaucoma. The next study by [35] aimed to classify 
retinal fundus images by utilizing the EfficientNetB0 
architecture. The preprocessing stages carried out 
included resizing, normalization, conversion to 
grayscale, and thresholding. The best results 
obtained were 79% accuracy, using the Adam 
optimizer. These results highlight the effectiveness 
and efficiency of EfficientNetB0, especially when 
combined with appropriate preprocessing 
techniques and optimal hyperparameter settings, in 
multiclass classification tasks for retinal eye 
diseases such as glaucoma. 

Based on the identified shortcomings, further 
research is required to design deep learning models 
that combine architectural efficiency with 
systematic hyperparameter optimization. This 
study develops an optimized classification 
framework using the EfficientNetB0 architecture 
and compares its performance with VGG19, 
ResNet50, and the baseline EfficientNetB0. 
EfficientNetB0 offers a balanced trade-off between 
accuracy and computational efficiency through a 
compound scaling mechanism that uniformly scales 
depth, width, and resolution. With only 5.3 million 
parameters significantly fewer than VGG19 (143 
million) and ResNet50 (25 million) EfficientNetB0 
is lighter, faster, and capable of maintaining high 
accuracy, making it highly suitable for medical 
image classification tasks that require rapid and 
precise inference from limited datasets. 

This study aims to specifically improve the 
accuracy, generalization capability, and reliability of 
glaucoma classification by optimizing the 
EfficientNetB0 architecture through the integration 
of dual dropout layers (0.4 and 0.3) and an 
additional Dense layer with 128 ReLU-activated 
neurons. These architectural adjustments are 
designed to minimize overfitting, strengthen 
nonlinear feature representation, and enhance 
diagnostic performance in retinal fundus image 
analysis. 
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EfficientNetB0 was selected as the core 
architecture due to its proven ability to achieve high 
performance with significantly fewer parameters 
compared to deeper models such as VGG19 and 
ResNet50. The compound scaling mechanism in 
EfficientNet uniformly adjusts network depth, 
width, and input resolution, enabling a better 
balance between accuracy and computational 
efficiency. This property is particularly 
advantageous in medical imaging tasks, where 
datasets are often limited and computational 
resources may be constrained. Moreover, 
EfficientNetB0 has demonstrated superior 
performance in previous ophthalmic studies and 
other biomedical image classification problems, 
making it a strong candidate for glaucoma detection 
from retinal fundus images. The novelty of this 
study lies in integrating an optimized 
EfficientNetB0 architecture with architectural 
modifications including a Dense layer, dropout 
regularization, and training strategies with callback 
mechanisms such as EarlyStopping. These 
enhancements aim to improve accuracy, reliability, 
and generalization in glaucoma image classification. 
 

MATERIALS AND METHODS 
 

          This study employs the EfficientNetB0-based 
Convolutional Neural Network (CNN) to perform 
glaucoma classification through hyperparameter 
adjustment. The research workflow is divided into 
five main phases, namely:  

Data Collection 
         The dataset employed in this research was 
accessed through the IEEE DataPort platform, 
which contains a glaucoma image dataset classified 
into two categories: glaucoma and normal. Each 
class consists of 899 glaucoma images and 551 
normal images, bringing the total data set to 1,450 
images. The images were collected under various 
lighting conditions and viewing angles to increase 
the diversity of the data. The images then 
underwent preprocessing to ensure data quality 
before being used in model training and testing. 

Data Processing 
          The first step in data processing focused on 
two classes: glaucoma and normal. The total 
number of images used was 1450, and their 
distribution is presented in Table 1. 

 
Table 1. Number of Images 

No Type of Glaucoma Number of Images 
1 Glaucoma  899 
2 Normal 551 
           Total 1450 

Source : (Research Results, 2025) 

Table 1 presents the dataset used in the 
study sourced from the IEEE Dataport platform, 
which consists of two classes. (https://ieee-
dataport.org/documents/1450-fundus-images-
899-glaucoma-data-and-551-normal-data) The 
following are examples of images used to 
characterize glaucoma: 

 

   

(a) Glaucoma      (b) Normal 
Source: (Research Results, 2025)   

Figure 1. Image of Types of Glaucoma 
 
Research Framework 
 This research aims to develop a model for 
classifying glaucoma using the optimized 
EfficientNetB0 architecture. All research stages 
were designed to be structured, efficient, and 
aligned with best practices in deep learning. The 
flow of the model development process is visualized 
in Figure 2. 

Dataset

Data Train Data Val Data Test

Performance 

Analysis

Results Analysis

Finish

Pre-processing

Proposed Method

EfficientNetB0 

ProposedVGG19

Implementasi CNN Baseline

ResNet50 EfficientNetB0

 
Source : (Research Results, 2025) 

Figure 2. Research Framework 

https://ieee-dataport.org/documents/1450-fundus-images-899-glaucoma-data-and-551-normal-data
https://ieee-dataport.org/documents/1450-fundus-images-899-glaucoma-data-and-551-normal-data
https://ieee-dataport.org/documents/1450-fundus-images-899-glaucoma-data-and-551-normal-data
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1. Data Collection 
 Glaucoma images were collected from trusted 
sources and categorized into healthy and diseased 
classes. The dataset underwent a verification 
process to ensure the quality of the model training. 
 
2. Data Preprocessing 

Image normalization was performed to increase 
the diversity of data representation and reduce 
imbalance between classes. The dataset was then 
divided into three subsets: training, validation, and 
testing data. 

 
3. Baseline Model Development 
 Baseline models using VGG19, ResNet50, and 
EfficientNetB0 were developed as benchmarks to 
evaluate the performance of the Proposed method. 
These models were trained without additional 
structural modifications, serving as references for 
comparison with the optimized model. 
 
4. EfficientNetB0 Model Optimization 
 The EfficientNetB0 architecture was optimized 
by modifying its top classification layers while 
retaining the pre-trained convolutional base from 
ImageNet. Specifically, two dropout layers were 
introduced: the first (0.4 rate) was inserted after the 
global average pooling layer to reduce overfitting 
from high-dimensional features, and the second (0.3 
rate) was placed after the Dense layer to further 
regularize the network. A new Dense layer with 128 
ReLU-activated neurons was added before the final 
output layer to enhance nonlinear feature 
representation and improve the model’s 
discriminative capability. Finally, a Softmax output 
layer with two neurons was used for binary 
classification (glaucoma vs. normal). These 
modifications were designed to improve 
generalization while maintaining computational 
efficiency. 
 
5. Model Evaluation 
      The model’s performance was evaluated using 
multiple quantitative metrics, including accuracy, 
precision, recall, specificity, F1-score, and ROC-AUC. 
A confusion matrix was employed to visualize the 
distribution of correct and incorrect predictions 
across classes. These evaluation methods provide a 
comprehensive assessment of the model’s 
effectiveness in glaucoma detection from retinal 
fundus images. 
 
6.   Result Analysis and Conclusion 
       A comparative analysis between baseline and 
optimized models demonstrated that the Proposed 
EfficientNetB0 optimization improved both 

accuracy and model stability. These results confirm 
the effectiveness of the optimization strategy in 
enhancing performance for glaucoma detection 
from retinal fundus images. 
 
CNN Algorithm for Image Classification 
          EfficientNetB0, a convolutional neural 
network (CNN) architecture, is used as a baseline 
model for classifying retinal fundus images. 
Together with VGG19 and ResNet50, this model 
serves as a reference for evaluating the 
performance of the Proposed optimization strategy. 
 

 
Source: (Research Results, 2025) 

Figure 3. Model Baseline CNN: VGG19, ResNet50, 
and EfficientNetB0 

Proposed Method 
         The Proposed method aims to improve the 
performance of glaucoma classification by 
optimizing the EfficientNetB0 architecture. 
Compared with baseline models such as VGG19, 
ResNet50, and EfficientNetB0, this approach offers 
a more adaptive architecture design and a more 
effective training strategy. A comparison between 
the baseline architecture and the Proposed method 
is shown in Figure 4. 
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Source: (Research Results, 2025) 
Figure 4. Comparison of Baseline Architecture with 

Proposed Method 
 
 This study proposes the development of a deep 
learning-based glaucoma classification model by 
optimizing the EfficientNetB0 architecture through 
the integration of several regularization 
components and callback mechanisms. The baseline 
model was developed using the original 
EfficientNetB0 configuration without additional 
modifications and trained for 15 epochs. In contrast, 
the Proposed optimized model incorporated two 
dropout layers (with rates of 0.4 and 0.3) and one 
dense layer consisting of 128 neurons using the 
ReLU activation function, and was trained for 30 
epochs. This layer modification strategy aims to 
enhance feature representation capability while 
mitigating the potential risk of overfitting during 
training. In addition, a callback mechanism was 
implemented, including Model Checkpoint to 
preserve the best-performing weights during 
training and EarlyStopping to automatically halt the 
training process when no significant improvement 
in validation accuracy is observed over consecutive 
epochs. 
 The evaluation phase was comprehensively 
designed to analyze the accuracy and loss 
comparison between training and validation 

datasets, supported by a confusion matrix 
visualization to assess the distribution of correct 
and incorrect predictions for each class. The 
performance of the Proposed model was then 
compared against several established architectures, 
namely VGG19, ResNet50, the baseline 
EfficientNetB0, and the optimized EfficientNetB0, to 
evaluate the effectiveness of the optimization 
strategy. 
 Model performance was assessed using 
multiple quantitative metrics, including accuracy, 
precision, recall, specificity, F1-score, and ROC-AUC. 
This combination of evaluation metrics enables a 
balanced analysis of sensitivity and specificity in 
glaucoma detection based on retinal fundus images. 
Consequently, the Proposed approach is expected to 
produce a model that not only achieves high 
accuracy but also demonstrates robustness, 
computational efficiency, and reliability in medical 
image classification tasks. 
 

RESULTS AND DISCUSSION 
 

In this section, we present research results 
related to the refinement of the modified 
EfficientNetB0 method and the standard CNN 
architecture. The discussion includes an 
examination of the implementation results, a 
comparison between the baseline and optimized 
models, and an assessment of model performance. 

 
Image Data Pre-Processing Results 

This section describes the results of the 
preprocessing phase of the image data before being 
processed with the model. The dataset was divided 
into testing (15%), validation (15%), and training 
(70%). This stage produces the following data 
distribution: 

Table 2. Image Data Splitting 
No Data Splitting Class Amount 

1. 
Training 

Glaucoma 629 
2. Normal 385 
3. 

Validation 
Glaucoma 135 

4. Normal 83 
5. 

Testing 
Glaucoma 135 

6. Normal 83 

Source: (Research Results, 2025) 
Table 2 shows the distribution of the glaucoma 

image dataset by category and the number of 
images available for each class. The dataset is 
divided into three main sections: training, 
validation, and testing, which are used to train, 
evaluate, and test the model's performance, 
respectively. In the training section, there are two 
main classes, namely glaucoma and normal, with 
629 and 385 training images, respectively. 
Meanwhile, in the validation and testing phases, 
each class contains 135 and 83 images, respectively, 
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which are used to measure the model's 
performance after the training process. 

This data distribution follows the general 
principles of deep learning, where the majority of 
the data is used for training to ensure the model 
learns effectively. Validation data is used to 
optimize hyperparameters, while testing data is 
used to measure the model's accuracy on previously 
unseen data. With this proportion, the model is 
expected to generalize well and achieve optimal 
performance in detecting glaucoma. 

 
Image Data Classification Results 

In this stage, testing was conducted to 
classify glaucoma image data using two 
convolutional neural network architectures: the 
standard VGG19, ResNet50, and EfficientNetB0 
models and the modified EfficientNetB0 Proposed 
method. 

 
Loss and Accuracy Curve 

In this stage, the modified EfficientNetB0 
model and baseline architectures such as VGG19, 
ResNet50, and standard EfficientNetB0 were 
evaluated separately for image classification. 
Figures 5 and 6 show a comparison of model 
accuracy with training and validation data. The 
orange line shows the model's accuracy on the 
validation data, and the blue line shows how well 
the model performed on the training data. The 
training and validation results are shown below. 

 
(a) Model VGG19 

 
(b) Model ResNet50 

 
(c) Model EfficientNetB0  

Source : (Research Results, 2025) 
Figure 5 results for accuracy and loss training for 
(a) VGG19, (b) ResNet50, and (c) EfficientNetB0. 

 

Figure 5 shows the training results of three 
deep learning architectures: VGG19, ResNet50, and 
EfficientNetB0 over 15 training epochs. 
          For VGG19, training accuracy steadily 
increased, but validation accuracy fluctuated and 
remained low, while validation loss reached 
saturation midway through training, indicating 
potential overfitting due to the large number of 
model parameters. ResNet50 showed a more 
consistent increase in training and validation 
accuracy, with a parallel decrease in loss, indicating 
improved generalization enabled by residual 
connections. 

EfficientNetB0 exhibited the best training 
behavior, with loss consistently decreasing and 
validation accuracy slightly exceeding training 
accuracy. This indicates that the architecture's 
efficiency combined with dropout regularization 
effectively improves generalization. Overall, these 
results confirm that architectural efficiency, 
combined with appropriate regularization 
strategies, plays a crucial role in stable training and 
reliable generalization across a wide range of CNN 
models. 

 

 
Source : (Research Results, 2025) 

Figure 6. Training Accuracy and Loss Results of 
EfficientNetB0 Proposed method 

 
          Figure 6 shows the performance of the 
optimized EfficientNetB0 model. Training accuracy 
increases consistently from the beginning to the end 
of the epoch, while validation accuracy remains high 
and stable since the initial epoch. The loss curve also 
shows a sharp decline, with validation loss being 
lower than training loss, indicating that the model 
has excellent generalization abilities for new data. 
This pattern reflects the effectiveness of 
architectural changes such as more selective layer 
freezing and adjustments to the optimization 
strategy during training. Overall, the Proposed 
EfficientNetB0 model outperforms the baseline 
model, especially in validation performance, and 
exhibits rapid convergence without any indication 
of overfitting, confirming the success of the applied 
optimizations. 
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Confusion Matrix 
 The confusion matrix provides important 
insights into the performance of a classification 
model by highlighting areas where the model may 
be making errors. By analyzing the confusion 
matrix, we can identify false positives, false 
negatives, and correct classifications, which is 
crucial for improving model accuracy. For example, 
if a model frequently produces false negatives and 
fails to detect glaucoma, this indicates that the 
classification threshold may need to be adjusted.                
The confusion matrix for the test set evaluation is 
presented in Figure 7, which details the 
performance classification by class. 

 
(a) VGG19 

 
(b) ResNet50 

 
(c) EfficientNetB0  

Source: (Research Results, 2025) 
Figure 7. Confusion matrix for (a) VGG19, (b) 

ResNet50, and (c) EfficientNetB0  
 

Figure 7. VGG19 (a) The confusion matrix 
shows that of the total normal class images, 118 

were correctly predicted, while 17 were incorrectly 
predicted as glaucoma. For the glaucoma class, only 
34 images were correctly predicted, while 49 were 
incorrectly classified as normal. This evidence 
indicates that the VGG19 model still has difficulty 
distinguishing glaucoma images, as indicated by the 
high number of false negatives. 

ResNet50 (b) The confusion matrix shows that 
of the total Normal class images, 120 were correctly 
classified as Normal, and 15 were incorrectly 
classified as Glaucoma. Meanwhile, for the glaucoma 
class, only 49 images were correctly classified, while 
34 were incorrectly classified as normal. 

EfficientNetB0 (c) The confusion matrix shows 
better performance, with 132 normal class images 
correctly predicted and only 3 images incorrectly 
classified. In the glaucoma class, 59 images were 
correctly predicted, while 24 were misclassified. 
Although there were still some false negatives, the 
model's performance was generally better than the 
previous models. 

 
Source: (Research Results, 2025) 

Figure 8. Confusion Matrix of the EfficientNetB0 
Proposed Method. 

 
 Figure 8. The optimized EfficientNetB0 shows 
the best prediction results. A total of 131 images 
from the Normal class were predicted correctly, and 
only 4 images were misclassified. For the glaucoma 
class, a total of 77 images were successfully 
predicted correctly, and only 6 images were 
misclassified as normal. These results indicate that 
the Proposed model has higher accuracy and 
sensitivity and is able to significantly reduce 
classification errors, especially in detecting 
glaucoma cases. 
 
Model Performance Evaluation 

The report covers important evaluation 
measures, including Accuracy, Precision, Recall, 
Specificity, F1, and AUC. These indicators describe 
the efficacy of each model in distinguishing between 
classes, managing class imbalance, and ensuring 
consistency in forecasts. By analyzing these 
variables, we can more effectively evaluate the 
strengths and limitations of each optimizer for per-
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class performance, especially in contexts where 
balanced classification is crucial. The classification 
results are presented in Table 3 and 4 

 
Table 3. Model Evaluation Comparison 

Model Type Accuracy  Precision  Recall  

VGG19 Baseline 
ResNet50 Baseline 
EfficientNetB0 
Baseline 

70 % 
78 % 
88 % 

69 % 
77 % 
90 % 

64 % 
74 % 
84 % 

EfficientNetB0 
Proposed 

95 % 95 % 95 % 

Source: (Research Results, 2025) 
 

Table 4. More Evaluation Comparison 
Model Type Specificity F1-Score  AUC  

VGG19 Baseline 
ResNet50 Baseline 
EfficientNetB0 Baseline  

76 % 
82 % 
92 % 

64 % 
75 % 
86 % 

70 % 
78 % 
88 % 

EfficientNetB0 Proposed 95 % 95 % 95 % 

Source: (Research Results, 2025) 
 

Table 3 and 4 presents a comprehensive 
comparison of the classification performance 
among the baseline models (VGG19, ResNet50, 
EfficientNetB0) and the Proposed optimized model 
(EfficientNetB0). The evaluation was conducted 
using multiple metrics, including Accuracy, 
Precision, Recall, Specificity, F1-score, and AUC. The 
results indicate a clear trend of improvement from 
the baseline model to the optimized model. 
Specifically, the VGG19 baseline achieved an 
accuracy of 70% with relatively lower recall and F1-
score, suggesting limited sensitivity in detecting 
positive cases. ResNet50 showed moderate 
improvement with an accuracy of 78% and better 
balance across metrics. EfficientNetB0 baseline 
further enhanced performance, achieving 88% 
accuracy and strong values in both specificity and 
AUC. Notably, the Proposed EfficientNetB0 
optimization demonstrated the highest 
performance across all metrics, achieving 95% in 
accuracy, precision, recall, specificity, F1-score, and 
AUC, indicating a well-balanced model with 
superior predictive capability. 

 
Source: (Research Results, 2025) 

Figure 9. ROC Curve Comparison of Baseline and 
Optimized Models 

Figure 9 illustrates the Receiver Operating 
Characteristic (ROC) curves of the baseline models 
(VGG19, ResNet50, EfficientNetB0) and the 
Proposed optimized model (EfficientNetB0). The 
ROC curve evaluates the trade-off between 
sensitivity (recall) and specificity, providing a 
comprehensive overview of the model's 
discriminatory ability. From the figure, it can be 
observed that the baseline models exhibit varying 
levels of performance, with VGG19 showing the 
lowest area under the curve (AUC) and ResNet50 
performing moderately well. The baseline 
EfficientNetB0 shows substantial improvement, 
reflecting a higher true positive rate across various 
thresholds. Importantly, the Proposed 
EfficientNetB0 optimization achieves the highest 
AUC, indicating superior ability to distinguish 
positive cases from negative cases. These results 
confirm that model optimization significantly 
improves classification performance. 
 
Statistical Test 
 To ensure the robustness and generalization 
capability of the Proposed model, K-Fold Cross 
Validation (k=5) was conducted on all architectures, 
including VGG19, ResNet50, baseline 
EfficientNetB0, and the optimized EfficientNetB0. 
The K-Fold method helps ensure that the reported 
accuracy is not overfitted to a particular data split. 
 

Table 5. K-Fold Cross Validation 

Fold 
VGG19 

Baseline 
ResNet50 
Baseline 

EfficientNet
B0 Baseline 

EfficientNetB
0 Proposed 

Fold 1 69.2% 77.5% 87.8% 95.0% 
Fold 2 70.8% 78.4% 88.5% 95.6% 
Fold 3 71.3% 79.2% 88.0% 95.8% 
Fold 4 70.0% 78.8% 89.1% 95.3% 
Fold 5 70.7% 79.1% 87.7% 94.9% 
Mean 
Accuracy 

70.4% 78.6% 88.2% 95.4% 

Source: (Research Results, 2025) 
 

The results demonstrate that the Optimized 
EfficientNetB0 model achieves the most stable and 
accurate classification performance across all folds. 
The narrow variation in accuracy (standard 
deviation ±0.36%) confirms that the model 
generalizes well to unseen data, reducing the risk of 
overfitting. In contrast, VGG19 and ResNet50 
exhibited greater variability due to their larger 
parameter counts and lower efficiency when 
trained on limited medical imaging datasets. 
Overall, the K-Fold results validate that the 
Proposed optimization enhances both performance 
consistency and model reliability in glaucoma image 
classification. 

 
Although the results are promising, this 

study has several limitations. The dataset was 
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relatively small (1,450 images) and sourced from a 
single repository, which may introduce bias related 
to image quality and population diversity. The 
model also relied solely on static fundus images 
without incorporating other clinical indicators such 
as intraocular pressure or visual field data. In 
clinical terms, the optimized EfficientNetB0 can 
serve as an assistive tool for early glaucoma 
screening, but its real-world applicability requires 
further validation on multi-center datasets in 
collaboration with ophthalmologists. Future 
research should expand dataset diversity, integrate 
multimodal data, and evaluate model performance 
in practical clinical settings. 

 
CONCLUSION 

 
         In conclusion, the optimized EfficientNetB0 
architecture demonstrated superior performance in 
glaucoma classification compared to VGG19, 
ResNet50, and the baseline EfficientNetB0, 
achieving 95% in accuracy, precision, recall, 
specificity, and F1-score. These consistent 
improvements across all metrics confirm the 
model’s robustness and clinical reliability. From a 
broader perspective, this research not only 
contributes to the development of automated 
glaucoma detection systems but also lays a 
foundation for sustainable advancement in medical 
image analysis. Future research can further expand 
this work by exploring lightweight and scalable 
architectures (e.g., EfficientNet variants, Vision 
Transformer, or MobileNet), integrating knowledge 
distillation for efficient model deployment, and 
incorporating explainable AI techniques such as 
Grad-CAM to enhance clinical interpretability. 
Continuous research in this direction is expected to 
drive long-term innovation and support the 
development of intelligent, accessible, and 
sustainable AI-based healthcare solutions. 
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