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advent of technology has paved the way for disease detection through the
application of deep learning methodologies. Deep learning exhibits
Keywords: substantial potential in disease detection, particularly when applied to image
data, as attested by its accuracy in algorithmic assessments. This research
introduces a novel approach to disease detection, specifically transfer
learning-based deep learning. The study seeks to evaluate and compare the
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Transfer learning data. Extensive experimentation reveals that the DenseNet-121 model

achieves the highest accuracy levels, boasting precision, recall, F1-score,
and accuracy values of 96.5%, 96%, 96.25%, and 96.20%, respectively.
These results demonstrate the superior performance of the employed transfer
learning model, signifying its efficacy in detecting eye diseases.
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1. INTRODUCTION

Vision plays a pivotal role throughout one's lifespan. Visual impairment or eye diseases can
manifest across various age groups, significantly impacting the quality of life. Notably, eye diseases stand as
a primary cause of blindness, further exacerbating the challenges faced by individuals [1]. The global
prevalence of visual impairment has seen a concerning rise, with data from the World Health Organization
(WHO) in 2019 revealing that over 2.2 billion people worldwide suffer from visual impairment or blindness.
Alarmingly, Indonesia ranks third globally in terms of blindness prevalence, with a rate of 1.47%, and within
Southeast Asia, it possesses the highest rate at 3% [2].

Analyzing data spanning from 1990 to 2015, cataracts emerge as the leading cause of blindness,
accounting for 36.58% of cases. Following closely is undercorrected refractive error at 36.43%, while other
conditions such as glaucoma (5.81%), age-related macular degeneration (2.44%), corneal disease (2.43%),
diabetic retinopathy (0.16%), and trachoma (0.04%) constitute the remaining causes of blindness [3]. These
statistics underscore cataracts as the predominant contributor to blindness. Cataracts involve a degenerative
process characterized by opacity in the eye's lens fibers. Additionally, conditions like glaucoma,
characterized by optic disc cupping and resulting from elevated intraocular pressure, play a significant role in
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vision loss. Diabetic retinopathy, marked by damage to the eye's blood vessels, is another prominent cause of
blindness [4]. These high incidence rates highlight a concerning issue: many individuals affected by eye
diseases remain unaware of their condition, leading to delayed diagnosis and treatment, often worsening the
prognosis.

Conversely, the process of diagnosing eye disorders can be time-consuming, particularly when
relying on manual observations, which may lead to misdiagnosis. However, with the advancement of
technology, disease identification can be facilitated through the use of technological means, with deep
learning emerging as a prominent approach. Deep learning, a subset of machine learning, is characterized by
its focus on artificial intelligence algorithms inspired by the neural structure and functioning of the brain,
known as artificial neural networks [5]. Within the realm of deep learning, one method that stands out is
transfer learning. This approach harnesses the potential to accurately identify diseases, thus offering
significant assistance in the field of medicine. Transfer learning serves as a technique to expedite the training
process within convolutional neural networks (CNNs), a key component of deep learning, designed to
address limitations inherent in previous methods [6].

In a study conducted by Sarki et al. [7], the application of transfer learning was employed to
diagnose diabetic eye diseases by analyzing retinal fundus images using CNN architectures, specifically
VGG-16. The findings indicated that there was an accuracy rate of 83.43%. In addition, Pin conducted a
study wherein the ResNet50 model was employed for the purpose of detecting eye problems [8]. The results
indicated an accuracy rate of 85.79% when applied to a dataset consisting of 1,304 fundus images. In a
separate study, Sugeno did research on the application of EfficientNetB3 for the identification of eye
illnesses [9]. The findings of this inquiry revealed an accuracy rate of 84.42%. Additionally, Tasar employed
the Transfer Learning methodology to discern various medical conditions, such as skin cancer, through the
examination of dermoscopy images [10]. In this particular case, the DenseNet-121 architecture was
employed, resulting in a remarkable accuracy rate of 94.29%.

Based on the aforementioned findings, this study aims to identify specific eye disorders, namely
cataract, glaucoma, and diabetic retinopathy. This research proposes to conduct a comparative analysis of
various algorithms using transfer learning methodology, specifically focusing on EfficientNetB3, DenseNet-
121, VGG-16, and ResNet-152, using retinal fundus image data. The ultimate goal is to determine the
algorithm that exhibits the highest level of accuracy in detecting various eye diseases. This work presents a
novel transfer learning approach using different hyperparameters. We have conducted 12 experiments by
modifying different learning rate and epoch values for each algorithm, then the results of the classification
will be compared to find out which transfer learning method has the best performance for eye disease image
data. So that the best results are obtained for the classification of eye disease images.

2. METHOD

In this study, the transfer learning technique was utilized to classify image data pertaining to eye
diseases. This approach involves utilizing a pre-trained model and adjusting its parameters to cater to the
specific characteristics of the new case, which, in this context, relates to eye disease classification. This study
applies the transfer learning process to compare the performance of various models with parameter adjustments
according to new cases in eye diseases. This research will identify three eye diseases namely cataract, diabetic
retinopathy, and glaucoma. Le et al. [11] mentioned that using transfer learning will result in stronger
classification. This is one of the references for researchers to use transfer learning in eye disease classification.

The employed methodology can be described as follows: It begins with the gathering of the
necessary datasets. Afterwards, data preprocessing is carried out to prepare the data for integration with the
selected model. There are three subsets within the dataset: training data, testing data, and validation data. In
the training phase, the designated training dataset is used to train the model. During each training iteration,
the validation dataset is used to evaluate the performance of the model. After the training process is
complete, the model is tested using the testing dataset [12]. Figure 1 is a visual representation of the overall
workflow for the method used in this study.

2.1. Data collection

The dataset utilized in this study comprises publicly available retinal fundus images of eye diseases,
sourced from Kaggle. This dataset amalgamates data from diverse origins, including the Indian Diabetic
Retinopathy Image Dataset (IDRiD), oculur recognition, and high-resolution fundus (HRF) datasets. The
dataset employed in this research encompasses a total of 4,217 images, which have been categorized into four
distinct classes. These classes comprise 1,038 images of cataract cases, 1,098 images depicting diabetic
retinopathy, 1,007 images showcasing glaucoma, and 1,074 images representing normal eye conditions. A
comprehensive breakdown of the dataset distribution across these classes is presented in Table 1.
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Figure 1. Research method workflow

Table 1. Division of eye disease dataset

Class Data
Cataracts 1,038
Diabetic retinopathy 1,098
Glaucoma 1,007
Normal 1,074

2.2. Image preprocessing

The image preprocessing stage encompasses a series of techniques applied to the dataset to enhance
its usability for subsequent processes. A critical aspect of this stage involves noise removal to ensure data
quality. Additionally, since the loaded data exhibits variations in resolution sizes, standardization is achieved
by resizing all images to a consistent dimension of 224x224x3. In the realm of deep learning, a substantial
volume of data is typically essential for optimal model performance. However, image classification methods
often encounter limitations due to insufficient data availability for model training. Consequently, image
augmentation emerges as an effective technique, particularly when dealing with datasets lacking ample data
points. This method proves valuable by augmenting the training dataset without the necessity of acquiring
additional data, thereby circumventing the need for extra storage capacity. In the context of this research, the
Keras library is harnessed to leverage the image data generator function, which plays a pivotal role in
preventing overfitting. This function encompasses various graphical parameters designed to generate
synthetic images [13]. Within this study, specific parameters are employed, including the preprocessing
function=scalar and horizontal flip=true.

2.3. Data splitting

During the data processing stage, a data splitting process, commonly referred to as data division, is
conducted in order to acquire a dataset that is proportionally representative. The utilization of this stage is
also employed to mitigate bias during the assessment of model performance. The data division ratio utilized
in this study involves allocating 90% of the data for training purposes, while 5% is allocated for testing and
another 5% for validation. The training data consisted of 3,795 instances, while the test and validation
datasets each contained 211 instances. The data will subsequently be partitioned randomly utilizing the
random state function set to 123.
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2.4. Transfer learning

Transfer learning is a widely recognized method that utilizes the structural framework of a
pre-existing model to improve the precision of models, especially when faced with datasets that are not large
enough for extensive training. Transfer learning leverages feature extraction techniques derived from
pre-existing models. The transfer learning models have been trained on extensive datasets such as ImageNet,
which consists of 1.2 million images belonging to 1,000 different classes. This training process enables the
models to acquire significant features that can be applied to new target data [14], [15].

One of the main benefits of utilizing transfer learning is its capacity to optimize the duration of
training and reduce generalization errors, as evidenced by previous studies [16]. Within the scope of this
research, the utilization of transfer learning methodology is observed, employing four pre-trained CNN
architecture models: EfficientNetB3, DenseNet-121, VGG-16, and ResNet-152. These models have been
specifically customized for the purpose of classifying eye diseases. The application of transfer learning
models in a strategic manner greatly enhances the efficiency and effectiveness of the classification task being
performed.

2.4.1. EfficientNetB3

EfficientNetB3 is a CNN model that includes three critical elements in its architecture: width, depth,
and resolution. This combination is strategically designed to achieve higher levels of accuracy while
simultaneously minimizing both the optimal parameter size and the number of floating-point operations
(FLOPs) [17]. EfficientNetB3's architecture includes two convolution layers, seven mobile bottleneck
convolution layers, one pooling layer, and one fully connected layer. Within each convolution layer, the
process begins with a convolutional operation with a 3x3 kernel size and a filter value of 24. Following that,
the rectified linear unit (ReLU) activation function is used, which is followed by the max pooling operation,
which is also followed by the ReLU activation function. This operation sequence continues until the network
reaches the 7 convolution layer. Following a series of convolutions, ReL.U activation functions, and max
pooling, the next step involves creating a fully connected layer and applying the SoftMax function. This final
step is critical in classifying the extracted features, yielding an output indicating the image class under
consideration [18].

2.4.2. DenseNet-121

DenseNet represents a CNN architecture distinguished by its unique approach of connecting each
layer to all subsequent layers in a feed-forward manner. This connectivity ensures that each subsequent layer
receives input feature-maps from all preceding layers. The utilization of DenseNet offers several advantages,
including the mitigation of gradient-related challenges, fortification of feature propagation throughout the
network, and reduction in the overall number of parameters required for effective operation [19].
Furthermore, a prominent characteristic of DenseNet is the sequential connection density of layers within the
network. In the context of this study, DenseNet-121 is the chosen variant, characterized by four dense blocks,
three transition layers, and a total of 121 layers. This layer composition encompasses 117 convolution layers,
three transition layers, and one classification layer. Each convolution layer is associated with a composite
operation sequence, consisting of batch normalization (BN), ReLU, and convolution operations. The
classification subnetwork of DenseNet-121 encompasses global average pooling at 77%, followed by a fully-
connected layer with 1000 dimensions, concluding with the SoftMax function for classifying the extracted
features and producing the desired image class output [20].

2.43.VGG-16

VGG-16 stands as a prominent CNN architecture model that has demonstrated remarkable
performance on the ImageNet dataset. Notably, it secured the top position in the ImageNet 2014 visual vision
challenge. The architecture of VGG-16 is characterized by a specific convolutional filter specification,
employing 3x3 filters. VGG-16 is designed to process RGB images with dimensions of 224x224 pixels.
As an initial step, it normalizes the pixel values, which typically range from 0 to 255, to the normalized scale
of 0 to 1. Subsequently, the image undergoes a series of convolutional layers and fully connected layers.
VGG-16 boasts a total of 13 convolution layers and 3 fully connected layers within its structure. To manage
image size reduction and augment filter depth, VGG-16 incorporates 2D MaxPool layers strategically. The
number of filters progressively escalates with the depth of the model, commencing at 64 filters and
progressively increasing to 128, 256, and 512 filters as features are extracted from the input image. The
ultimate output of the VGG-16 model consists of a feature representation derived from the input image,
rendering it well-suited for a variety of classification or detection tasks.
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2.4.4. RestNet-152

ResNet, short for residual networks, represents a CNN architecture meticulously engineered to
address the notorious problem of gradient loss encountered in deep neural networks. This innovation is
achieved through the implementation of skip connections between layers, a technique referred to as residual
learning. Such architectural enhancement culminates in a network that is considerably more tractable during
the training process. This, in turn, facilitates the design of deeper networks, and it exerts a favorable impact
on overall model accuracy. Among the various ResNet architectures available, ResNet-152 stands out,
boasting the lowest recorded top-1 error and top-5 error rates, approximately measuring 21.43% and 5.71%,
respectively [21]. The ResNet-152 architecture itself unfolds with specific specifications: it commences with
a 7x7 convolution operation, featuring a stride of 2. Subsequently, a 3x3 max-pooling operation with a stride
of 2 is executed. Furthermore, the model incorporates batch normalization (1x1), followed by a RelLU
activation (1x1) and a 3x3 convolution operation within each of the conv2_x, conv3_x, conv4_x, and
conv5_x stages. The final steps involve average pooling and the Softmax function to yield classification
results.

2.5. Training model

The primary frameworks for developing the model in this study are Python and TensorFlow. The
runtime environment used is GPU, which provides significant benefits in terms of improved performance and
reduced training time, especially when dealing with complex neural network models [22]. In the
experimental phase, the model is pretrained by using the ImageNet public dataset to initialize weight values.
Comprehensive hyperparameter tuning is performed to improve the model's efficiency. This entails fine-
tuning a variety of parameters such as learning rate, momentum, epoch count, batch size, and others [23].
A custom Keras callback subclass is created to ensure efficient performance monitoring throughout the training
process. This callback system is critical in monitoring the model's training progress and facilitating parameter
adjustments to improve the training monitoring process. Table 2 shows the hyperparameter tuning used.

Table 2. Tuning hyperparameter

Class Data
Loss function  Categorical cross-entropy
Optimizer Adamax
Activation Softmax
Learning rate  [(0.01), (0.001), (0.0001)]
Epoch [(10), (20), (30)]
Batch size 40
Momentum 0.99

2.6. Evaluation

Evaluating a model's performance is an important step in the process, especially when determining
the best model. The confusion matrix is a valuable technique for evaluating classification model
performance. This matrix represents the model's predictions in relation to the actual data conditions in detail.
Two fundamental metrics, accuracy and the F1-score, can be derived from the confusion matrix. The
proportion of correctly predicted samples in relation to the total sample count is referred to as accuracy. The
F1-score, on the other hand, provides a combined measure that balances precision and recall. Precision is the
ratio of correctly predicted positive cases to total positive predictions, whereas recall is the ratio of true
positive predictions to total true positive data instances.

The outcomes of these computations serve as a means to assess the algorithm's efficacy. Accuracy
values fall within a range of 0 to 1 or 0 to 100% when expressed as a percentage. A higher accuracy value is
indicative of a more effective utilization of the algorithm [24].

3. RESULTS AND DISCUSSION

The primary objective of employing transfer learning models, in conjunction with rigorously tested
hyperparameter values, is to facilitate a comparative evaluation of various model architectures. This
comparative analysis investigates the performance of EfficientNetB3, DenseNet-121, VGG-16, and ResNet-
152, with a specific emphasis on assessing accuracy and overall efficacy. In order to accomplish this
objective, modifications are made to the learning rate function, taking into consideration the substantial
influence of the learning rate on accuracy. An increased learning rate accelerates the training procedure but
may potentially undermine the accuracy of the network, whereas a reduced learning rate results in a slower
yet potentially more precise or stable training process. In addition, a range of diverse epoch values is utilized
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in this study, acknowledging the significant impact that epoch settings can have on the performance of the
model. Epochs are of utmost importance in the context of machine learning, serving as iterative stages that
indicate the level of training the algorithm has undergone on the complete dataset. Insufficient numbers of
training iterations can potentially lead to the model's inability to capture intricate data patterns, resulting in
the phenomenon known as underfitting. On the contrary, an excessive number of epochs can lead to
overfitting of the model, wherein it memorizes the training set.

Therefore, the evaluation process assumes significant importance in this research. The evaluation
method chosen for this study involves the implementation of a confusion matrix, which incorporates various
metrics such as precision, recall, F1-score, and accuracy. Every individual value within the matrix plays a
significant role in assessing the model's effectiveness and facilitates comprehension of the specific errors
made by the model. The comprehensive presentation of the research findings, which includes the matrix
values for each model, can be found in Table 3.

Table 3. Model comparison results

Model Learning rate Epoch  Precision (%) Recall (%) Fl1-score (%) Accuracy (%)

EfficientNetB3 0.01 10 89 88.75 88.5 88.63

0.001 20 93.75 93.75 94 93.84

0.0001 30 925 925 92,5 92.42

DenseNet-121 0.01 10 77.75 66.5 66.75 68.24

0.001 20 95.5 95.75 95.75 95.73

0.0001 30 96.5 96 96.25 96.20

VGG-16 0.01 10 74.25 49.75 47.25 51.18
0.001 20 91.25 91.25 91 91

0.0001 30 96.25 95.75 96 95.73

ResNet-152 0.01 10 215 24.7 11.28 29.85

0.001 20 95 94.75 94.75 94.78

0.0001 30 95 95 95 93.84

The results of the comparative analysis demonstrate that the EfficientNetB3 model achieves superior
performance when trained with a learning rate of 0.001 and an epoch count of 20. DenseNet-121 exhibits
superior performance compared to other models, especially when utilizing a learning rate of 0.0001 and an
epoch value of 30. Furthermore, it is worth noting that both VGG-16 and ResNet-152 exhibit remarkable
performance when a learning rate of 0.0001 and an epoch count of 30 are employed. The aforementioned
results highlight the significant influence of different learning rates and epoch values on the resultant
accuracy measure. It is imperative to acknowledge that there exists a positive correlation between accuracy
and epoch count, suggesting a unidirectional association. Put simply, when the number of epochs is
increased, the accuracy values for both the training and validation datasets also increase. On the other hand, a
negative correlation can be observed between the number of epochs and the loss metric. This suggests that as
the number of epochs increases, there is a corresponding decrease in the loss value observed in the training data.

Upon evaluating the accuracy values obtained from the trained models, it is evident that the
DenseNet-121 model achieved the highest accuracy, reaching an impressive 96.20%. This exceptional
performance was achieved with a learning rate set at 0.0001 and 30 epochs. Following closely, VGG-16
attained an accuracy of 95.73% under the same configuration of a learning rate of 0.0001 and 30 epochs.
ResNet-152 secured an accuracy of 94.76% using a learning rate of 0.001 and 20 epochs, while
EfficientNetB3 yielded an accuracy of 93.84% with the same learning rate and epoch settings. It is essential
to acknowledge that the architectural design of these models can exert a profound influence on their
accuracy. Variables such as layer size, number of layers, layer type, and the interplay between layers
significantly impact the models' ability to discern and interpret patterns within the data.

Previous studies in this domain have also yielded noteworthy results. For instance, Islam et al. [25]
reported an accuracy of 96.25% in detecting glaucoma disease using EfficientNetB3. Similarly,
Paradisa et al. [26] utilized DenseNet-121+Inception-ResNetV2 architecture to detect diabetic eye disease,
garnering an accuracy of 91%. Notably, these studies often focused on single-eye disease detection or carried
out the classification separately. In contrast, this research encompassed the simultaneous classification of
three eye disease categories cataract, glaucoma, and diabetic retinopathy yielding an average accuracy of
96.20% with the DenseNet-121 architecture, surpassing other models, including VGG-16, EfficientNetB3,
and ResNet-152.

These accuracy results across various models affirm their effectiveness in classifying retinal fundus
image data for the detection of the aforementioned eye diseases. Several factors can influence the accuracy
outcomes, including dataset size, data processing stages like image augmentation and data splitting, and the
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configuration of hyperparameters during the model training process. These factors will affect the accuracy
produced by each model. The better the data preparation done before model training. Then the better the
accuracy produced by each model. Nagpal et al. [27] states that data preprocessing or data preparation before
data is further processed will reduce noise in the image to be processed, this will result in better
classification.

4. CONCLUSION

The process of detecting eye diseases in our research faced several challenges, with limited data
availability being a significant impediment that could potentially affect the accuracy of our models. Transfer
learning, a fundamental concept employed in this study, involves leveraging pre-trained models that have
been trained on extensive datasets to facilitate the understanding of new data. This approach was adopted to
enhance the accuracy of our models. The proposed method performs well with several transfer learning
models, including EfficientNetB3, DenseNet-121, VGG-16, and ResNet-152, coupled with the exploration of
various hyperparameters, we achieved the highest accuracy with the DenseNet-121 model. It demonstrated
precision, recall, and F1-score values of 96.5%, 96%, and 96.25%, respectively, along with an overall
accuracy of 96.20%. Furthermore, our investigation highlighted the significant impact of different learning
rates and epochs on accuracy. Notably, the use of a learning rate set at 0.0001 and an epoch count of 30
consistently yielded higher accuracy values compared to other configurations. Consequently, our research
demonstrates the effectiveness of the selected transfer learning model in classifying retinal fundus image data
for the detection of cataract, glaucoma, and diabetic retinopathy diseases. This study serves as a valuable
benchmark for future research endeavours, offering insights into potential avenues for improving accuracy.
Future investigations could explore a broader spectrum of transfer learning models and leverage larger
datasets to further enhance the classification performance in this critical domain of eye disease detection.
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