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Abstract
Eye diseases serve as a primary contributor to global blindness, making early detection a critical determinant in effective treatment
outcomes. While retinal fundus image analysis is the diagnostic standard, conventional manual methods are often hindered by
observer subjectivity and time inefficiencies. This study aims to optimize eye disease classification using a Convolutional Neural
Network (CNN) approach empowered by transfer learning techniques. Utilizing a dataset of 1,200 retinal fundus images sourced
from Kaggle, this research classifies four categories: normal, glaucoma, cataract, and diabetic retinopathy. To mitigate the
challenge of limited labeled medical datasets, specific data augmentation strategies—including random flip, zoom, and contrast
adjustments—were applied. The study conducts a comparative evaluation of three architectures: standard VGG16, baseline
MobileNet, and a proposed optimized MobileNet. The proposed method utilizes Random Search to systematically optimize
hyperparameters such as learning rates, dense layer units, and dropout rates. Experimental results demonstrate that the optimized
MobileNet achieved superior performance with 89.17% accuracy, significantly outperforming the VGG16 baseline 82,00% and
baseline MobileNet 85,00%. Notably, the model achieved perfect recall for diabetic retinopathy, although glaucoma remained the
most challenging class due to subtle morphological similarities with normal eyes. These findings confirm that integrating
lightweight CNNs with appropriate transfer learning yields a diagnostic system that is not only accurate but also efficient for

deployment in resource-constrained environments.
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Introduction

Eye diseases represent a significant global health concern, profoundly affecting human quality of life. These visual
impairments may impact various anatomical structures of the eye, such as the retina, cornea, lens, and the optic nerve
structure, and may arise from a range of causes such as infections, inflammation, congenital abnormalities,
degenerative processes, and trauma [ 1], [2], [3]. According to the World Health Organization (WHO), over 2.2 billion
people worldwide suffer from visual impairments, with at least 1 billion of these cases being preventable or treatable
if diagnosed at an early stage [4], [5]. In Indonesia, the prevalence of eye diseases has increased, particularly due to
an aging population and the high incidence of systemic diseases such as diabetes and hypertension [6], [7]. This trend
poses considerable challenges to the national healthcare system, especially in remote areas where access to
ophthalmologists and advanced diagnostic tools is limited [8], [9]. Currently, the diagnostic process for eye diseases
largely relies on manual examination by medical specialists, which demands significant time and expertise, making
the outcomes highly dependent on the examiner's skill. Consequently, there is a pressing need for an automated
classification system powered by advanced technologies that can deliver fast, accurate, and consistent diagnoses,
particularly in resource-limited settings [10].

Recent developments in Artificial Intelligence (Al), particularly deep learning methods like Convolutional Neural
Networks (CNNs), has played a transformative role in medical image classification, including fundus imaging of the
retina [11]. The ability of CNNs to detect subtle visual cues and extract relevant features from medical images such
as those obtained from retinal imaging and Optical Coherence Tomography—has made them widely adopted in
automated diagnostic systems [12]. One increasingly adopted technique is transfer learning, which allows the
utilization of pre-trained CNN models on large datasets like ImageNet and their adaptation to specific classification
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tasks, such as eye disease detection. This method offers benefits in terms of training efficiency and improved accuracy,
especially when labeled data is limited [13].

Several CNN architectures like InceptionV3 [14], ResNet [ 15], and VGG [16] have been successfully implemented
for retinal fundus image classification to detect diseases such as glaucoma, cataracts, and diabetic retinopathy.
However, standard CNNs without further optimization often face limitations in generalization, data requirements, and
computational efficiency. For instance, Putri & Rakasiwi (2025) reported that a baseline CNN model achieved only
75% accuracy, which improved significantly to 88% after applying transfer learning on the VGG-16 architecture. This
indicates that conventional CNN models may not be optimal without further adjustments. Similarly, An et al. (2021)
found that direct classification using CNNs was ineffective with limited data, prompting them to use a two-stage
hierarchical classification strategy. Moreover, Sarki et al. (2022) highlighted that while CNNs could classify diabetic
eye diseases with 81.33% accuracy, they struggled to distinguish early-stage conditions due to the complexity of inter-
class visual features. These findings underscore the necessity of architectural refinements and optimization strategies
such as hyperparameter tuning for CNNs to achieve robust performance in automatic eye disease diagnosis. In
response to these challenges, this study proposes the optimization of the MobileNet architecture using hyperparameter
tuning with a Random Search algorithm for retinal fundus image classification [17]. Parameter such as the number of
neurons in dense layers, dropout rates, and learning rates were systematically adjusted to identify the best-performing
model [18]. Furthermore, fine-tuning of the pre-trained MobileNet weights was performed to improve adaptation to
the specific characteristics of the retinal dataset. Model performance was evaluated through training visualization and
comparative analysis against two benchmark models: unoptimized MobileNet and VGG16 [19], [20].

Beyond algorithmic performance, the transition of deep learning models into actual clinical implementation
presents multidimensional challenges [21], [22]. Primary hurdles include the complexity of integrating software with
diverse medical hardware infrastructures and the urgency of validating models against patient demographic
heterogeneity to prevent diagnostic bias [23]. However, these challenges coexist with significant opportunities in
digital health development. The utilization of efficient and lightweight CNN architectures paves the way for mobile
based screening systems [24]. This approach enables periodic eye health monitoring via smartphones, potentially
democratizing access to ophthalmology services, particularly for populations in remote regions with limited access to
conventional medical facilities [25].

The objective of this study is to design a CNN-based classification system that incorporates transfer learning and
model optimization to enhance diagnostic accuracy. By comparing the performance of standard VGG16, baseline
MobileNet, and the optimized MobileNet, this research seeks to determine the effectiveness of hyperparameter tuning
in improving model performance and its feasibility for implementation in real-world medical settings, especially those
with limited resources and access to specialists.

Method
A. Related Work

Several studies have been conducted to develop automated classification systems based on Convolutional Neural
Networks (CNNs) for detecting eye diseases using retinal fundus images [21]. While the results obtained so far are
promising, there remain notable challenges related to accuracy, the need for large datasets, and computational efficiency
that must be addressed. Therefore, Table 1 presents a review of relevant previous studies as a foundation for comparison
and to strengthen the contribution and direction of this research.

Table 1. Related Work on Eye Disease Classification Using CNN and Transfer Learning

Study Research Focus Method / Model Limitations Identified

Putri and Retinal Fundus Image Standard VGG-16 Lack of architectural modifications and

Rakasiwi. Classification limited number of classified disease
(2025) categories.

An et al. Glaucoma Eye Disease CNN + Hierarchy Approach is restricted to a single disease type
(2021) Classification Transfer Learning and limited dataset size.

Sarki et al Multi-Class Eye Disease Standard CNN + Absence of transfer learning limits model
(2022) Classification Caused by Proposed Model optimization and performance.

Diabetes (DED)
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Study Research Focus Method / Model Limitations Identified
This Study Improving CNN Model Standard CNN (VGG- Optimization performed using Random
(Proposed) Accuracy Through Transfer 16, MobileNet) and Search with limited trials and fine-tuning
Learning for Eye Disease Optimized MobileNet enabled.
Classification

Table 1 presents a summary of recent studies that apply convolutional neural networks (CNN5s) to eye disease image
classification. Putri and Rakasiwi (2025) implemented the VGG-16 architecture by leveraging transfer learning
techniques to perform classification of ocular diseases using retinal fundus imagery. Although the study reported
improved accuracy, it was constrained by a small dataset size, potential data bias, and the model’s difficulty in
distinguishing between visually similar classes, such as glaucoma and normal [26]. An et al. (2021) proposed a two-
stage approach based on hierarchical transfer learning that mimics the clinical diagnostic process.

However, their model relied heavily on physician-structured diagnosis, was limited to a single type of data, and
introduced high system complexity due to the use of ensemble learning making its application in real-world clinical
settings less practical [27]. Meanwhile, Sarki et al. (2022) developed a convolutional neural network approach designed
for the classification, of multiple categories of eye diseases, yet the model struggled to detect subtle visual features,
lacked generalization due to limited data, and required high computational power. Additionally, the absence of transfer
learning strategies further limited the model’s diagnostic effectiveness [28].

In contrast, the present study proposes an optimized MobileNet approach enhanced with transfer learning,
hyperparameter tuning, and fine-tuning using the Random Search algorithm specifically tailored to the characteristics
of retinal fundus images. Unlike previous studies, the developed model was not only tested against untuned baseline
architectures but also comparatively validated against VGG-16 as a benchmark. This innovation aims to address the
common limitations identified in earlier literature, particularly in terms of training efficiency, accuracy improvement,
performance benchmarking, and adaptability for deployment in resource-constrained healthcare environments.

B. Dataset

The dataset employed in this study consists of labeled retinal fundus images sourced from the open-access platform
Kaggle, specifically the Eye Diseases Classification Dataset. This dataset comprises a collection of retinal images that
have been manually categorized by domain experts into four primary classes of ocular diseases: cataract, glaucoma,
diabetic retinopathy, and normal eye condition. Each class contains an equal number of samples 300 images resulting
in a total of 1,200 images used in this study. All images have a fixed resolution of 512 x 512 pixels and are stored in
high-quality JPG format, which facilitates the precise extraction of retinal morphological features. The dataset
includes both left and right eye images, enriching the spatial variability during model training. This bilateral
representation broadens the model’s understanding of the asymmetric characteristics of retinal structures.
Additionally, variations in lighting conditions, image orientation, and contrast levels enhance the overall data
distribution and improve the model’s robustness against noise and real-world clinical conditions that are often
unstandardized.

Beyond spatial and illumination diversity, all images have been manually verified and labeled by certified
ophthalmologists, thus enhancing the credibility and labeling accuracy of the dataset as a reference for developing
CNN-based classification systems. The high intra-class variation resulting from diverse clinical imaging settings
significantly contributes to the model’s discriminative ability in recognizing subtle features commonly found among
individuals within the same disease category. Given these characteristics, the dataset is considered highly
representative and suitable as a foundational benchmark for the development, training, and validation of deep learning-
based medical image classification models aimed at the automatic and accurate detection of eye diseases.

(a). Cataract Eye Disease Images
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(b). Diabetic Retinopathy Eye Disease Images

S

(c). Glaucoma Eye Disease Images
Figure 1. The Example of retinal fundus images representing four different eye disease classes: normal, cataract,

(d). Normal Eye Disease Images
glaucoma, and diabetic retinopathy.

C. The Research Framework

The research framework is designed to represent the systematic relationship between problem formulation,
modeling approach, implementation strategy, and evaluation process. This framework provides a comprehensive
overview of the research stages, starting from problem identification and objective formulation, followed by key
methodological steps such as medical image data collection and preprocessing, application of CNN architecture and
transfer learning, and culminating in model testing using measurable evaluation parameters.
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Figure 2. The Research Framework

The research framework illustrated in Figure 2 begins with the initial stage outlining the overall research design,
followed by the collection of retinal fundus image data and a data preprocessing phase. This preprocessing includes
resizing, normalization, image augmentation, and labeling aimed at improving input quality and preventing overfitting
during model training. The core of this study lies in the implementation of the classification model through two main
approaches. First, the baseline CNN architectures are applied using two widely adopted models in medical image
classification: MobileNet and VGG16. Second, a proposed method is developed by modifying the baseline architecture
with specific adjustments to enhance accuracy and efficiency in multiclass eye disease classification. Both the baseline
and the proposed models are then evaluated in a comparative manner to assess their relative performance. The
evaluation process employs quantitative metrics such as accuracy, precision, recall, and Fl-score. In addition, a
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confusion matrix analysis is conducted to identify misclassifications between classes. This research framework
therefore emphasizes not only model development but also a systematic and objective comparison between different
classification approaches.

D. Proposed Model

In the proposed model of this study, the MobileNet architecture was selected as the base model due to its efficiency
and capability to effectively extract visual features from high-resolution images. To improve classification
performance particularly the accuracy in classifying retinal fundus images a series of optimizations were performed
on the model structure and training parameters using a hyperparameter tuning approach based on Random Search,
implemented via the Keras Tuner library in Table 2.

Table 2. Proposed Architecture For The Mobilenet-Based Model

Layer Output Size Details
Input 224x224%3 RGB image resized to 224x224 pixels
Squential Layer 224x224x3 Includes RandomFlip, RandomZoom, Contrast, and

Brightness adjustments

Rescaling(1./255) 224%224x3 Normalizes pixel values from 0-255 to 0—1
GlobalAveragePooling2D() 1024 Flattens feature maps before Dense layers
Dense(units1, activation="relu') 128-512 ReLU activation; number of units optimized
BatchNormalization() 224x224x3 Stabilizes and accelerates training
Dropout(dropout1) 0.3-0.6 Randomly drops neurons for regularization
Dense(units2, activation="relu') 64-256 ReLU activation; number of units optimized
Dropout(dropout2) 0.2-0.5 Additional dropout for regularization
Dense(4, activation="softmax") jumlah kelas=4 | Classifies into four eye disease categories
Optimizer: Adam (learning rate le-4 / 5e-5/ 1e-5 | Learning rate optimized via Random Search
tuned) + Random Search

The proposed model is constructed by sequentially stacking several layers, beginning with a data augmentation
phase that applies random flip, zoom, contrast adjustment, and brightness enhancement. This step enriches the
diversity of the training data to reduce the risk of overfitting. Following normalization through the Rescaling(1./255)
layer, MobileNet is used as a feature extractor with include top=False and pretrained weights from ImageNet. Unlike
the baseline models, which freeze the MobileNet weights, the proposed model enables fine-tuning by setting
trainable=True, allowing the feature representation to be more specific to the characteristics of the dataset used. The
model is then enhanced with two Dense layers, whose neuron counts are determined through tuning—ranging from
128 to 512 in the first Dense layer and 64 to 256 in the second. Dropout layers with probabilities between 0.3—0.6 and
0.2-0.5 are inserted to prevent overfitting. Additionally, the learning rate for the Adam optimizer is automatically
selected from le-4, 5e-5, or le-5 during the tuning process, ensuring optimal and stable training speed.

To optimize model performance without incurring excessive computational costs, this study employed a Random
Search based hyperparameter tuning technique [29]. Unlike Grid Search, which tests every parameter combination
systematically but rigidly, Random Search explores the search space by sampling random combinations of parameters
over a fixed number of iterations (50 iterations). Random Search has proven to be more effective because, in many
instances, only a small subset of hyperparameters (such as the learning rate) significantly impacts model accuracy
[30], [31]. By scattering search points stochastically, the model has a higher probability of converging on optimal
values for these critical parameters in significantly less time compared to an exhaustive search.

This approach allows the model to discover the best combination of network structure and training parameters based
on validation performance. The application of fine-tuning to MobileNet, optimal Dense layer configurations, and
adaptive learning rate tuning significantly improved model accuracy compared to baseline models. These results
demonstrate that a well-targeted and comprehensive hyperparameter tuning strategy can enhance the generalization
capability of CNN-based models for retinal fundus image classification. A performance comparison between the
proposed MobileNet model (with hyperparameter tuning) and standard models (MobileNet and VGG-16) is illustrated
in Figure 3 below.

Addyna, et. al. (Enhancing Eye Disease Classification Accuracy Using Convolutional Neural Networks with Transfer Learning)
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(b). MobileNet Architecture
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Figure 3. Comparison of Model Architectures

A. Training Performance Analysis

Training performance analysis was conducted to evaluate how well the model learned patterns from retinal fundus
image data throughout the training process. This evaluation includes monitoring the progression of both loss and
accuracy values on training and validation datasets at each epoch. The observation of these two metrics aims to assess
the stability of the learning process, the model’s generalization capability on unseen data, and to detect signs of
overfitting or underfitting. This analysis provides a critical foundation for determining the effectiveness of the
architectural configuration and the optimization strategies applied to the model. To offer a clearer visualization of

each model’s performance during training, the loss and accuracy curves are presented in Figure 4.

In this study, Figure 4(a) illustrates the training performance of the VGG16 model. The training accuracy curve
shows a steady increase, approaching nearly 100%. However, the validation accuracy curve exhibits noticeable
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Figure 4. Comparison of training results for all models (accuracy and loss).
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fluctuations and stagnates below 85%, accompanied by a significant gap between training and validation loss values
indicating a potential overfitting issue. This suggests that while VGG16 effectively fits the training data, its ability to
generalize to unseen data remains limited.

Figure 4(b) presents the results of the baseline MobileNet model, which demonstrates more consistent and
gradually improving training and validation accuracy curves over time. The loss curves for both training and validation
converge toward similar points, indicating that the model generalizes better and achieves higher validation accuracy
than VGG16. This pattern implies that MobileNet, with its lower architectural complexity, is capable of producing a
more stable model without experiencing significant overfitting. In contrast, Figure 4(c) shows the training outcome
of the MobileNet model optimized through hyperparameter tuning using Random Search. This model displays
excellent training stability, with training and validation accuracy curves closely aligned and validation accuracy
consistently increasing. The loss values continue to decrease until they reach a low and stable point. Notably, the
validation accuracy of the optimized model outperforms both baseline models, indicating that the tuning process
successfully identified an optimal parameter configuration.

Overall, the visual analysis of the training curves confirms that the proposed model MobileNet with
hyperparameter tuning via Random Search not only achieves higher accuracy but also maintains stability and training
efficiency. These advantages make it a strong candidate for deployment in automated eye disease classification
systems, particularly in medical environments with limited resources. These findings suggest that strategic
hyperparameter optimization can significantly enhance CNN model performance in medical image classification
tasks. Nevertheless, it should be noted that although the optimized model demonstrated superior visual and
quantitative performance compared to the baselines, the study still presents opportunities for further improvement.
One potential direction is to expand the diversity of training data, which could enhance the model’s generalization
capability to more varied and real-world data distributions.

B. Evaluation Metrics and Comparative Analysis

To comprehensively assess the performance of the models, it is essential to employ relevant and robust evaluation
metrics—particularly within the context of medical image classification. The evaluation process extends beyond
measuring accuracy alone and includes additional metrics such as precision, recall, and F1-score. These metrics
provide a more detailed understanding of how well each model distinguishes between different eye disease classes.
Furthermore, the analysis is complemented with detailed visual outputs, including the confusion matrix (Figure 5)
and classification report (Figure 6), to illustrate the model’s performance in identifying and separating each class
correctly.

This analysis is crucial for understanding the generalization capability of the models and for identifying potential
misclassifications that could impact diagnostic reliability. Accordingly, this section presents a comparative
performance evaluation of the three models VGG-16 baseline, MobileNet baseline, and the optimized MobileNet
based on the aforementioned metrics. The aim is to assess the effectiveness of the hyperparameter tuning approach
via Random Search in improving the overall accuracy, reliability, and practicality of automated eye disease
classification systems.

Canfusion Matrix Confusion Matrix

Canfusion Matrix

4 o 1 1

glaucoma diabetic_retinopathy cataract

cataract  diabetic_retinopathy  glaucoma rormal cataract  diabetic_retinopathy  glaucoma normal @taact  dabetic rebnopathy  glaucoma rarma
Prediksi Presicted redicted Label

(a). VGG-16 (b). MobileNet (¢). MobileNet (Model Proposed)

Figure 5. Confusion Matrix

Addyna, et. al. (Enhancing Eye Disease Classification Accuracy Using Convolutional Neural Networks with Transfer Learning)



202 ILKOM Jurnal Ilmiah Vol. 18, No. 1, April 2026, pp. 195-206 E-ISSN 2548-7779

Figure 5(a) presents the confusion matrix of the VGG16 baseline model, which demonstrates a reasonably good
performance in classifying cataract and diabetic retinopathy classes. However, it still exhibits significant
misclassification in the glaucoma and normal classes. Figure 5(b) shows the results of the baseline MobileNet model,
indicating more stable performance with improved accuracy in the normal class and reduced prediction errors in the
glaucoma class. In contrast, Figure 5(c) illustrates the performance of the optimized MobileNet model, which achieves
near-perfect classification across all classes with noticeably fewer errors than the two baseline models. These results
suggest that hyperparameter tuning using Random Search substantially improves the model’s accuracy and
generalization capability in eye disease classification. To provide a more comprehensive comparison of model
performance, evaluation was also conducted using four key classification metrics: accuracy, precision, recall, and F1-
score. The three models VGG16 baseline, MobileNet baseline, and the optimized MobileNet were compared based
on their average scores along with 95% confidence intervals, providing insight into the consistency of predictions
across the validation dataset. This approach aims to assess the degree of stability and reliability of each model in
accurately classifying retinal fundus images. The evaluation results were measured based on precision, recall, and F1-
score metrics, as presented in the following report.

Classification Report: (Classification Report:
precision recall fl-score  support precision recall fl-score support
cataract 0.96 0.83 .89 30 cataract 0.99 0.93 9.92 30
diabetic_retinopathy 0.96 0.99 0.93 30 || diabetic_retinopathy 9.9 0.90 9.93 30
glaucoma 0.66 0.77 0.71 30 glaucoma 0.77 0.77 0.77 38
normal 0.74 0.77 0.75 30 normal 0.77 0.80 9.79 30
accuracy 0.82 120 accuracy 0.85 120
macro avg 0.83 0.82 0.82 128 macro avg .85 0.85 9.85 120
weighted avg 0.83 0.82 0.82 120 weighted avg 0.85 0.85 0.85 120
(a). VGG-16 (b). MobileNet
Classification Report:
precision recall fl-score support
cataract 0.97 .97 0.97 30
diabetic_retinopathy 29.91 1.00 0.95 30
glaucoma 0.88 0.73 0.80 30
normal 0.81 0.87 0.84 30
accuracy 0.89 120
macro avg 0.89 0.89 0.89 120
weighted avg 2.89 0.89 0.89 120

(c). MobileNet (Model Proposed)
Figure 6. Classification Report

Based on the classification report, the MobileNet Proposed architecture demonstrated the best overall classification
performance compared to the other two models, namely VGG-16 and baseline MobileNet. Overall, MobileNet
Proposed achieved an accuracy of 89%, outperforming MobileNet (85%) and VGG-16 (82%), reflecting superior
generalization capability on the test data. In terms of precision, recall, and F1-score, MobileNet Proposed showed
more balanced results across all eye disease classes, including cataract, diabetic retinopathy, glaucoma, and normal.
Notably, the model achieved perfect recall (1.00) and an F1-score of 0.95 for the diabetic retinopathy class, indicating
that all instances of this disease were correctly identified without misclassification.

Furthermore, significant performance improvements were observed in the glaucoma class, which had previously
been a challenge for VGG-16 (Fl-score: 0.71) and baseline MobileNet (Fl-score: 0.77). MobileNet Proposed
increased the F1-score for this class to 0.80, although it remained the lowest among the four classes. A deeper analysis
of the misclassification patterns reveals that the model's primary challenge lies in the accurate identification of the
glaucoma category. The majority of errors in this class manifested as false positives, where glaucoma images were
predicted as normal eyes. This phenomenon can be attributed to the significant morphological similarities between
normal eyes and ecarly-stage glaucoma. Unlike cataract, which presents distinct visual features (lens opacity), or
diabetic retinopathy characterized by hemorrhages, the primary marker for glaucoma relies on the Cup-to-Disc Ratio
(CDR) of the optic nerve head. This feature often possesses subtle visual variances that are challenging to extract
perfectly through global feature extraction performed by standard CNNs without prior optic disc segmentation [32].
This indicates that while MobileNet is efficient, it may require specific preprocessing techniques, such as Region of
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Interest (ROI) cropping on the optic disc area, to enhance sensitivity toward glaucoma cases. In addition, the model
achieved both macro average and weighted average F1-scores of 0.89, indicating consistent performance across all
classes regardless of data distribution. These findings confirm that the architectural enhancements made to MobileNet
not only improved overall accuracy but also significantly enhanced class-wise balance. Overall, the results suggest
that MobileNet Proposed offers a more effective solution for detecting various types of eye diseases from fundus
images and holds strong potential for implementation in accurate and efficient medical diagnostic support systems.

Comparison of Baseline and Proposed Models With 95% Confidence Intervals in Eye Disease Classification

| gl

0.6 4

Scores

0.4

0.2
VGG16
MobileNet
MobileNet Proposed
— 95% Confidence Interval

0.0

T T T T
Accuracy Precision Recall F1-Score

Figure 7. Confidence Intervals

The visualization results indicate that the optimized MobileNet model consistently achieved the highest scores
across all evaluation metrics when compared to the two baseline models. Although the performance differences
between MobileNet and VGG16 appear modest in certain metrics, the inclusion of confidence intervals in the accuracy
graph underscores the proposed model’s superior stability and reliability. These findings reinforce the conclusion that
hyperparameter tuning via Random Search not only enhances accuracy but also reduces the variability of the model’s
outcomes, making it more suitable for real-world implementation in automated eye disease classification systems
within clinical settings.

C. Discussion of Testing Outcomes

The model testing results provide valuable insights through a comparative summary of evaluation metrics across
all models, as presented in Table 3.

Table 3. Performance Comparison of Models Based on Accuracy, Precision, Recall, and F1-Score

Models Accuracy | Precision | Recall | F1-Score
VGG-16 0,82 0,84 0,82 0,83
MobileNet 0,85 0,85 0,85 0,85
Model Proposed | 0,89 0,89 0,89 0,89

Based on the results presented in Table 3, the optimized MobileNet model with hyperparameter tuning using
Random Search consistently demonstrated the highest performance across all evaluation metrics, achieving 89% in
accuracy, precision, recall, and F1-score. This performance outperformed both the baseline MobileNet and VGG-16
models, which scored within the 82% to 85% range. These findings confirm that the hyperparameter tuning process
using the Random Search algorithm effectively enhanced the model’s generalization ability while improving
classification stability across classes. Moreover, the increase in the F1-score highlights the proposed model’s ability
to maintain a balanced trade-off between precision and recall—an essential aspect in medical diagnostics to minimize
both false positives and false negatives in eye disease classification.

Addyna, et. al. (Enhancing Eye Disease Classification Accuracy Using Convolutional Neural Networks with Transfer Learning)
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Conclusion

This study successfully demonstrates the effectiveness of integrating transfer learning techniques with Random
Search-based hyperparameter optimization in CNN architectures. The primary novelty of this work lies in providing
empirical evidence that lightweight models like MobileNet, when rigorously optimized, can rival the performance of
deep architectures such as VGG16 while maintaining significantly superior computational efficiency. The proposed
MobileNet achieved a testing accuracy of 89.17% and an average Fl-score of 89.00%, positioning it as an ideal
candidate for computer ided diagnostic systems on resource-constrained devices. However, this study acknowledges
certain limitations. Error analysis indicates that the model continues to face challenges in distinguishing early-stage
glaucoma from normal eyes. This limitation is attributed to the reliance on global feature extraction, which lacks
sensitivity to subtle morphological variations in the optic disc. Consequently, future research is recommended to
integrate preprocessing techniques based on Region of Interest (ROI) segmentation to isolate critical feature areas,
and to extend dataset testing within mobile-based application deployment scenarios for more comprehensive clinical
validation.
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