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Keywords: from Kaggle, comprising 83,600 images categorized into four classes. To
address the low contrast in Optical Coherence Tomography (OCT) images,
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Retina CLAHE achieved an accuracy, precision, recall, and F1-score of 95%, while
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reliability despite requiring more training epochs (43 compared to 39 without
CLAHE). These findings demonstrate the potential of CLAHE to optimize
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explore other image enhancement techniques or apply the method to different
retinal disease datasets, contributing to improved diagnostic accuracy in
clinical settings.
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1. INTRODUCTION

The retina is a light-sensitive layer at the back of the eye that functions as part of the visual system by
receiving light stimuli and transmitting them to the brain, where they are processed into images [1]. Worldwide,
the prevalence of retinal diseases is substantial and is expected to increase over time. One study projects the
number of diabetic retinopathy (DR) cases to rise from 103 million in 2020 to over 160 million by 2045, with
the most significant increases anticipated in Africa and the Middle East [2]. Furthermore, the global prevalence
of DR has reached 27%, with the highest rates also occurring in Africa and the Middle East [3]. Concerning
other retinal diseases, another study [4] reported that retinal vein occlusion (RVO) affected over 28 million
people in 2015, making it the second most common retinal vascular disorder after DR. In Nepal, a study [5]
found that retinal diseases were present in 52.4% of elderly participants, with age-related macular degeneration
being the most common condition. These findings highlight the urgent need to enhance global attention to
retinal diseases and the importance of early detection initiatives. Despite these concerns, manual diagnostic
methods are still predominant, which are often labor-intensive and prone to variability, creating a significant
research gap.

Despite advances in diagnostic tools, retinal disease diagnosis remains challenging due to the high
variability in image quality and the time-consuming manual processes required. Existing diagnostic methods
often struggle with handling the wide contrast variation and image noise present in Optical Coherence
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Tomography (OCT) scans. These challenges create a research gap in improving image preprocessing
techniques and developing models capable of achieving high diagnostic accuracy efficiently. Enhancing the
preprocessing of retinal images is crucial to enable deep learning models to reliably extract features and
improve classification outcomes [6]. Recently, technological advancements, particularly in Artificial
Intelligence (AI), have accelerated significantly, especially in Convolutional Neural Networks (CNN), which
is a part of Deep Learning [7]-[17]. CNN has made substantial contributions in analyzing medical images [18]-
[24]. Densely Connected Convolutional Networks (DenseNet) is a CNN architecture designed to leverage
inter-layer connectivity more effectively, thus providing better performance in image classification [25]. In this
study, the DenseNet architecture was chosen to process retinal image data due to its advantages in generating
rich and efficient feature representations. DenseNet facilitates better information transfer from the initial layer
to the final layer through dense connections between layers so that each layer receives richer and more detailed
feature information. This is crucial for improving accuracy in abnormality detection in medical images,
including diabetic retinopathy in retinal images. By connecting each layer directly to all previous layers,
DenseNet can capture fine details important in medical analysis, which are often difficult to detect with
traditional convolutional architectures [26]. DenseNet also overcomes the vanishing gradient problem, which
allows the gradient flow to remain stable despite the high depth of the network. This results in more effective
and deep model training, allowing DenseNet to recognize complex patterns in retinal images with higher
accuracy. For OCT image classification, DenseNet has demonstrated its effectiveness in previous studies with
high levels of accuracy and reliability [27], [28].

However, a common issue encountered in retinal image classification is the wide range of contrast
variations in images obtained from medical devices, such as Optical Coherence Tomography (OCT) [29]. The
contrast variation in OCT images can result from differences in lighting conditions during image capture.
Additionally, the clarity of the lens and the quality of the OCT device itself can affect the image quality and
diversity. This issue can pose challenges for Deep Learning models in recognizing important retinal features
[30]. Therefore, improving image quality to enhance contrast is necessary so that the resulting features are
more relevant and easier for the DenseNet model to extract.

Contrast Limited Adaptive Histogram Equalization (CLAHE) is an effective image processing technique
for enhancing local contrast in medical images. CLAHE works by limiting contrast enhancement to avoid noise
amplification [31]. CLAHE divides an image into regions and performs histogram equalization on each region
with adjusted contrast limitations, thus achieving more uniform and detailed contrast enhancement that is
highly beneficial for creating quality features in retinal images [32]-[34]. In a study of MRI data such as
Alzheimer’s, CLAHE was shown to improve image contrast very well and can improve the accuracy of CNN
models. Other studies mention that CLAHE can improve the quality of MRI medical images by sharpening
image features and contrast, which proves that CLAHE is better than the Median Filtering technique. For retinal
images, CLAHE ensures that critical details such as blood vessels and lesion boundaries are more visible,
aiding in improved feature extraction.

Overall, this study applies CLAHE to address contrast variation challenges in OCT images, aiming to
enhance DenseNet’s performance in retinal disease classification. By integrating CLAHE, this study
contributes to advancing diagnostic accuracy and facilitating early retinal disease detection for better eye health
outcomes. Additionally, the study addresses critical challenges in the manual diagnosis process and provides a
scalable solution for automated retinal disease diagnosis.

2. LITERATURE REVIEW
2.1. Retina

The retina is a crucial layer in the eye that plays an essential role in the visual process. Its function is to
capture light entering the eye, which is then converted into signals sent to the brain to be processed and
interpreted into images or visuals. The retina is highly susceptible to various diseases, which can impact the
quality of vision and, ultimately, lead to blindness. Some retinal diseases include Choroidal Neovascularization
(CNV), Diabetic Macular Edema (DME), and Drusen, which may be caused by age-related factors, other
conditions like diabetes, and genetic factors. These diseases can result in blurred vision [35]-[38]. To capture
retinal images, a medical device known as Optical Coherence Tomography (OCT) is used [39], [40], and a
description of each disease is shown in Fig. 1.

2.2. DenseNet
The Densely Connected Convolutional Network (DenseNet) is a CNN architecture designed to enhance
feature utilization while reducing the number of required parameters. Unlike traditional CNNs, which connect
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layers sequentially, DenseNet employs dense connections where each layer receives input from all preceding
layers and transmits its output to all subsequent layers. This connectivity allows DenseNet to better maintain
model structure and prevents the loss of gradient flow, which commonly occurs in very deep Deep Learning
models [41], [42]. A block diagram of DenseNet is shown in Fig. 2.
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Fig. 1. Retinal Diseases Captured Using OCT

Fig. 2. Block Diagram of DenseNet

2.3. CLAHE

Contrast Limited Adaptive Histogram Equalization (CLAHE) is a contrast enhancement method that
applies spatial domain techniques to achieve uniform contrast improvement across an image while considering
maximum entropy and effectively limiting contrast. This technique is well-suited for enhancing contrast in
relatively low-contrast medical images [43]-[45]. The formula used to calculate the gray level in CLAHE is
shown in (3), and the gray-level value distribution technique can be measured using (1) and (2).

9= [gmax - gmin] X P(f) + Imin (1)
9= gnun — () x 0 [1 = P @
y = P(f(xlb)) = fbieT 3

Remark g is pixel value, g4, is maximum pixel value, g, is minimum pixel value, P(f) is CPD
(Cumulative Probability Distribution), ais clip parameters, y is cumulative probability value/Rayleigh,
b is scale parameters for the Rayleigh distribution.
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2.4. Confusion Matrix

The Confusion Matrix is a technique commonly used to evaluate the classification results produced by
Al models, whether they are Machine Learning or Deep Learning models. The Confusion Matrix is useful for
showing the accuracy of a model that has been trained on training data and subsequently evaluated using
prepared testing data [46], [47]. The Confusion Matrix consists of TP, TN, FP, and FN, as shown in Fig. 3.
TP is True Positive, TN is True Negative, FP is False Positive, FN is False Negative.

Actual

Predict

TN

Fig. 3. Confusion Matrix

3. METHOD
3.1. Dataset

The dataset used is obtained from Kaggle under the name "Retinal OCT Images (optical coherence
tomography)," which consists of 4 classes: CNV, DME, Drusen, and Normal. The total dataset comprises
83,600 images captured using an OCT device. The dataset is imbalanced, with the majority class being CNV,
accounting for 44.5% (37,216 images). Meanwhile, the other classes, such as Normal, DME, and Drusen,
represent 31.5% (26,344 images), 13.7% (11,420 images), and 10.3% (8,620 images), respectively. The data
distribution in the dataset is shown in Fig. 4, and sample images for each class are displayed in Fig. 5.

The images in the dataset were captured using OCT devices, which can produce high-resolution cross-
sectional images of the retina. However, variations in lighting conditions, device calibration, and patient eye
movement during image capture might result in image quality inconsistencies. These inconsistencies can
introduce variability in the dataset, which may affect model performance [48], [49].
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Fig. 4. Dataset Distribution per Class
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Fig. 5. Example Dataset per Class
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3.2. Data Preprocessing

Data preprocessing is a technique used to prepare the data before it is processed by the model. First, the
preprocessing technique used is Down Sampling, which is applied to handle the class imbalance in the dataset
by reducing the dominance of the majority class. Next, the CLAHE technique is applied to enhance the contrast
of the dataset, improving feature visibility in OCT images. The dataset is then resized to a standard size of
224x224 pixels, which is commonly used in CNNs like DenseNet to ensure consistent input dimensions [50]-
[52]. Finally, the dataset is split into three parts: training data (80%), validation data (10%), and testing data
(10%) to train, monitor, and evaluate the model respectively. The flow of data preprocessing is shown in Fig.
6.

Preprocessing

O Split Data
/\<\ 3! Down Sampling Resize 224 x 224 —3»| Train, Val, Test
80:10:10

Fig. 6. Data Preprocessing Block Diagram

Y

3.3. System Block Diagram

The classification system was built using the DenseNet121 model. The system workflow starts with image
data input, followed by data preprocessing. Once data preprocessing is complete, the model is trained using
the training data, with validation data monitoring the training process. During the training process, the epochs
used were 50. However, the epoch used to perform classification was based on the epoch that obtained the
highest accuracy on the validation data. The learning rate used was 0.001. Once the model has been successfully
trained, it is evaluated using a confusion matrix. This process is illustrated in Fig. 7.

Model Evaluation

O > Data Using
Preprocessing Confusion Matriks

Fig. 7. System Block Diagram

r

3.4. Testing Scenario

To test the effect of CLAHE on improving the accuracy of the DenseNet model in classifying retinal
images, an experiment is conducted by comparing the DenseNet model’s performance without CLAHE
transformation on the images with the DenseNet model applied to images that have been transformed using
CLAHE. These two processes are illustrated in Fig. 8.

In Fig. 8, the process is divided into 4 parts. The main difference lies in the preprocessing stage, where
one dataset undergoes CLAHE transformation, and the other does not. After the preprocessing stage, both
datasets continue the same training process, using the DenseNet121 model with 50 epochs, a learning rate of
0.001, and a batch size of 64. After the training process, the classification process uses the best epoch based on
the accuracy on the validation data obtained during the training process. After each training process is complete,
an evaluation is performed to measure the performance of the trained model using testing data. The outputs
generated for both models include Accuracy, Precision, Recall, and F1-Score values.

Preprocessing Training Evaluation Output
- Split Data .
Q Down «| Resize - _ Acc, Precision,
g N r o »{ Train, Val, Test — Rt
/\<\ sampling 224 x 224 80:10: 10 Recall, F1-Score
Model Evaluation
— - Using ——
Confusion Matriks
- Split Data -
(@] Down Resize ~ | | Acc, Precision,
/\<\"' sampling [] S“AHE [Pl 224 x 224 [ T';'J“_’ fg'_’ 11-;5‘ > Recall, F1-Scare

Fig. 8. Testing Scenario Block Diagram
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3.5. Model Evaluation

The values from the confusion matrix can be used to calculate and evaluate the classification model built.
Model evaluation is measured based on accuracy, precision, recall, and F1-score. The equations used to
calculate accuracy, precision, recall, and F1-score are shown in (4)—(7).

TP +TN

Accuracy = “4)
TP +TN + FP + FN
TP

Precision = ———— Q)

TP + FP

TP
Recall = —— (6)
TP+ FN

Precison X Recall
F1 — Score = 2 x — (7
Precision + Recall

Equations (4)—(7) represent the parameter indicators used to measure the model’s performance. Accuracy
is an evaluation metric that measures the percentage of correct predictions out of the total predictions made by
the model. Precision measures the model’s accuracy in predicting the positive class. Recall measures how well
the model detects the actual positive class. The F1-score is the harmonic mean of precision and recall.

4. RESULT AND DISCUSSION
4.1. Image Transformation using CLAHE

Contrast Limited Adaptive Histogram Equalization (CLAHE) is an effective technique for enhancing
local contrast in images, especially for low-contrast data such as retinal OCT images. The application of
CLAHE significantly improves the visibility of details in retinal structures, which is critical for accurate disease
detection and classification. The results of the image transformation before and after applying CLAHE for the
four classes CNV, DME, Drusen, and Normal are presented in Fig. 9.

As seen in Fig. 9, the transformation enhances the local contrast of the images. For example, in the CNV
class, features such as abnormal tissue and fluid accumulations are more distinct, making pathological changes
easier to identify. Similarly, in the DME class, the subtle fluid-filled areas within the retinal layers become
more prominent after applying CLAHE. In the Drusen class, the deposits beneath the retina are better
visualized, while in the Normal class, the retinal layers appear sharper and more clearly defined. This
enhancement ensures that critical features are not obscured by low contrast, thus reducing the likelihood of
misclassification.

The enhancement process in CLAHE operates by dividing each image into smaller, non-overlapping
regions (tiles) and performing histogram equalization locally within each tile. A clip limit is applied to avoid
over-amplification of noise, ensuring that the transformation focuses on meaningful contrast enhancement.
This localized approach is particularly advantageous for retinal OCT images, where different regions may have
varying levels of contrast.

To quantitatively evaluate the enhancement, the Peak Signal-to-Noise Ratio (PSNR) of the images after
CLAHE transformation was measured, yielding a value of 28.55. This metric indicates a significant
improvement in image quality, as a higher PSNR reflects better fidelity and reduced distortion in the
transformed images. The PSNR value further validates that CLAHE effectively enhances image contrast
without introducing excessive noise or artifacts.

In summary, CLAHE transformation enhances the visibility of subtle abnormalities in retinal structures,
which is crucial for disease classification. By improving local contrast, achieving a PSNR of 28.55, and
ensuring uniform enhancement across the image, CLAHE prepares the data for further analysis and ensures
that the input images are informative and suitable for robust classification tasks.

4.2. Down Sampling

In Fig. 4, the dataset exhibits an imbalanced distribution, with the majority class (CNV) having a
significantly higher number of data points compared to the minority class (Drusen). To address this imbalance,
down sampling was performed to ensure an equal number of data points across all classes. This approach
minimizes the risk of model overfitting to the majority class by providing a balanced representation of the
dataset. The minority class, Drusen, contains 8,620 data points, and thus, the other classes CNV, Normal, and
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DME were limited to the same number of data points. Consequently, the total dataset size after down sampling
was reduced to 34,480 data points. The dataset distribution after down sampling is presented in Fig. 10.

Down sampling was chosen in this study as it avoids potential biases that may arise from oversampling
or up sampling techniques, which could artificially replicate or generate synthetic data points. Additionally,
the choice of down sampling was made based on the sufficient dataset size even after down sampling, ensuring
that the reduced dataset still provided ample data points for robust training and evaluation. This technique also
aligns with the computational constraints of the study, ensuring efficient processing without compromising
data quality.

Following the down sampling process, the dataset was divided into training, validation, and testing sets
using an 80:10:10 ratio. This resulted in 27,584 data points for training, and 3,448 data points each for
validation and testing. The choice of an 80:10:10 split balances the need for a substantial amount of training
data while maintaining enough validation and testing data to monitor and evaluate model performance. This
split ratio ensures a reliable evaluation of the model’s generalization capability while avoiding potential
overfitting.

CNV (Original) DME (Original) DRUSEN (Original) NORMAL (Original}

CNV (CLAHE) DME (CLAHE) DRUSEN (CLAHE) NORMAL (CLAHE)

Fig. 9. Results of Image Transformation Using CLAHE
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Fig. 10. Dataset Distribution per Class After Downsampling

4.3. Model Evaluation Results
4.3.1. DenseNet Model Without CLAHE

Images without CLAHE have low contrast, as shown in Fig. 9. During the training process, the best
epoch based on training accuracy is achieved at epoch 39, as shown in Fig. 11(a). Fig. 11(b) displays the
confusion matrix, which indicates that the model achieved the best predictions in the Normal class with 843
correct predictions. Meanwhile, the model’s worst predictions were in the Drusen class, with 793 correct
predictions. The accuracy achieved by this model is 95%.
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Fig. 11. (a) Training Process, (b) Confusion Matrix Results of DenseNet Model Without CLAHE

4.3.2. DenseNet Model With CLAHE

CLAHE images are those with enhanced contrast, as shown in Fig. 9. During the training process, the
best epoch based on training accuracy is achieved at epoch 43, as shown in Fig. 12(a). Fig. 12(b) displays the
confusion matrix, which indicates that the model achieved the best predictions in the Normal class with 850
correct predictions. Meanwhile, the model’s worst predictions were in the CNV class, with 831 correct
predictions. The accuracy achieved by this model is 98%.

Training and Validation Accuracy
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= Training Accuracy
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0.3 @ bestepoch= 43

0 10 20 30 40 50
Epochs

Fig. 12. (a) Training Process, (b) Confusion Matrix Results of DenseNet Model With CLAHE

4.4. Overall Evaluation

From the test results, it can be seen that the DenseNet model without CLAHE reached its best epoch
faster, in the 39th epoch. Compared to the DenseNet model using CLAHE, the model reached its best epoch at
the 43rd epoch. However, determining the best model is not only based on the best epoch, but also considers
the highest accuracy, precision, recall, and F1-score metrics. Based on this analysis, the DenseNet model with
CLAHE shows better performance. In addition to DenseNet, the implementation of CLAHE also improved the
accuracy of the ResNet model by 2%, indicating that CLAHE contributed positively to improving the accuracy
of the model applied to Optical Coherence Tomography (OCT) images. However, for other common CNN
models, there was no significant increase in accuracy due to the implementation of CLAHE.

Overall, from the entire set of tests conducted, the DenseNet model with CLAHE produced the best
performance compared to other models, such as standard CNN and ResNet, as presented in Table 1. This
confirms that the use of CLAHE in OCT image preprocessing can improve the classification quality of the
DenseNet model, while demonstrating the relevance of this strategy in improving the performance of certain
models.
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Table. 1. Comparison of Model Evaluation Results

Model Name Accuracy (%)  Precision (%)  Recall (%)  F1-Score (%)
CNN Base 77 77 77 77
CNN Base + CLAHE 77 77 77 77
ResNet 92 92 92 92
ResNet + CLAHE 94 94 94 94
DenseNet 95 95 95 95
DenseNet + CLAHE 98 98 98 98

5.  CONCLUSION

This study demonstrates the effectiveness of integrating Contrast Limited Adaptive Histogram
Equalization (CLAHE) into the preprocessing stage of retinal Optical Coherence Tomography (OCT) images
for enhancing the performance of deep learning models, particularly DenseNet. Retinal diseases pose
significant risks of vision impairment and blindness, necessitating accurate and efficient diagnostic tools. By
addressing the challenge of low contrast in OCT images through CLAHE, this study achieved significant
improvements in classification accuracy.

The DenseNet model without CLAHE achieved accuracy, precision, recall, and F1-score values of 95%,
with the best epoch reached at epoch 39. After incorporating CLAHE, these metrics improved to 98%, with
the best epoch occurring at epoch 43. This improvement highlights the ability of CLAHE to enhance local
contrast, making subtle features in retinal structures more discernible and reducing the likelihood of
misclassification. The higher performance of the DenseNet model with CLAHE confirms its suitability for
retinal disease classification tasks, as it consistently outperformed baseline CNN and ResNet models, with
CLAHE contributing an additional accuracy improvement of 2% to the ResNet model.

Despite these promising results, certain limitations must be acknowledged. This study primarily focused
on DenseNet and CLAHE, leaving room to explore other advanced architectures and image enhancement
techniques. Additionally, while CLAHE was effective in this context, its impact on other medical imaging
modalities or datasets requires further investigation. Future work could explore the scalability of this approach
with larger datasets, test its applicability in real-time clinical settings, and incorporate statistical analyses, such
as confidence intervals or standard deviations, to provide deeper insights into model robustness.

In conclusion, the integration of CLAHE in the preprocessing stage significantly enhances the
performance of deep learning models for retinal disease classification. This finding emphasizes the importance
of tailored preprocessing techniques in medical image analysis and sets the foundation for further
advancements in automated retinal diagnostics, benefiting healthcare providers, patients, and researchers in
achieving early and accurate diagnosis of retinal diseases.
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