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Machine learning has made remarkable strides in the field of disease diagnosis, revolutionizing patient treatment and care. By
interpreting medical images, machine learning techniques have the potential to improve diagnostic accuracy in a briefer span. And
while the central area of interest in diagnosis has been cancer detection, retinal diseases have also gained significant attention over
the years. Diagnosing retinal diseases efficiently is critical to preserving vision, enhancing patient results, and aligning with the
overall goal of preserving public health. Using OCT scans of retinal images sourced from Kaggle, this study hopes to identify the
ideal preprocessing methodology (among normalization, standardization, rescaling, and RGB to BGR conversion) in the diagnosis
of retinal diseases DME, CNV, and Drusen. The original hypothesis of this study was that normalization would be the ideal
preprocessing technique; however, by employing the ResNet-50 model, the findings of this study reveal that rescaling images, a
preprocessing technique, has proved to be the most efficient in accurately diagnosing retinal diseases.

Introduction

From creating visually appealing images to enhancing the qual-
ity of biometric data, preprocessing techniques have played a
significant role in our world. These techniques have become
essential in fields such as artificial intelligence, data analytics,
and computer vision. Currently, researchers continue to explore
novel image preprocessing methods to address diagnosis of dis-
eases through medical imaging. For example, preprocessing
techniques are being refined to enhance the analysis of mam-
mography, a screening tool used for early detection of breast
cancer1.

While state-of-the-art research has focused on image pre-
processing techniques in many other fields, there has not been
clear research regarding the effect of different preprocessing
techniques in retinal disease diagnosis2–4. Focusing on medical
imaging, this study seeks to bridge the significant gap in research
by investigating the impact of various image preprocessing tech-
niques specifically within the domain of retinal disease (diseases
that cause harm to the retina, a light-sensitive layer of tissue
found on the back of an eyeball). By analyzing methodologies
applicable to diseases related to the retina, this research endeav-
ors to reveal optimal approaches that could greatly refine the
overall accuracy of diagnosis.

Addressing retinal diseases through appropriate treatment
and image enhancement may help mitigate the complexity of
diagnosing these diseases5. Extracting relevant features from
retinal images (e.g., blood vessels, optic disc, lesions, and other
anatomical structures) after utilizing preprocessing techniques
such as noise reduction (which reduces distortions) and image

clean-up may aid in having a better visualization of retinal
abnormalities and the diagnosis of retinal diseases.

Image Preprocessing

Image preprocessing techniques aim to enhance the quality of
images and therefore improve the analysis process6–8. The
image preprocessing techniques analyzed in this study include
normalization, rescaling, converting RGB images to BGR, and
image standardization, all of which stand as pivotal steps in
refining image data.

Normalization is a preprocessing technique used to modify
pixel intensities to a common range. Studies have demonstrated
that normalization simplifies image analysis by ensuring that
differences in brightness or contrast between images do not
dominate the analysis process9.

Rescaling is the process of changing the dimensions of images
while maintaining the image’s content integrity. It is a technique
that establishes uniformity and adjusts the image size so the
content may be further analyzed.

Converting RGB images to BGR is a common color space
transformation used in image preprocessing applications which
essentially rearranges pixel values for each channel. An RGB
pixel, for example, with values (R, G, B) would be converted
to BGR, resulting in a pixel with values (B, G, R). The RGB to
BGR conversion is significant in that studies have shown that
BGR is preferable when performing preprocessing tasks with
certain libraries8.

Image standardization focuses on changing pixel values to
have a specific mean and standard deviation to boost the con-
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sistency of the image. Studies have proven standardization’s
significance in which it has been established that the preprocess-
ing technique can help reduce noise and may focus on relevant
patterns of the image7.

In this research, image preprocessing techniques were applied
to OCT (Optical Coherence Tomography) images which were
utilized to provide valuable insights into anatomical composi-
tion, enabling easier diagnosis of certain medical conditions.
OCT scans use light waves to capture high-resolution, cross-
sectional images of biological tissues in the eye such as the
retina10.

Application of Deep Learning in Medical Imaging

Many researchers have investigated the application of deep
learning in disease diagnosis with dental image analysis, breast
cancer, neurodegenerative diseases, radiology, and many oth-
ers11,12.

Contributing to the field of imaging significantly, CNNs (Con-
volutional Neural Networks) have emerged as a beneficial tool
for processing visual data. The structure of this system, resem-
bling the neural network found in the visual cortex of animals,
consists of weights akin to connectivity in neurons13.

The fundamental elements of CNNs include convolutional
layers, activation functions, pooling, and fully-connected layers
as portrayed in Figure 1. The convolutional layers of CNN
models apply convolution operations to input data where filters
extract various features such as edges or patterns. Activation
functions introduce non-linearities, aid in learning complicated
patterns, and form the network’s output characteristics. Pooling
layers manage the amount of parameters and computation in the
network while retaining important information. Fully-connected
layers aid in making predictions or classifications based on
features that have been learned and produce output probabilities.

To carry out this research, it was chosen to utilize the CNN
deep learning architecture and ResNet-50 model (pretrained
with ImageNet). The ResNet-50 model is primarily used for im-
age classification and recognition assignments. Its architecture,
utilizing residual functions, enables the network to learn with
respect to layer inputs.

A previously published study has focused on the different pre-
processing techniques used for dental images14. In this research,
different preprocessing techniques were designed to improve
radiographic images for the segmentation and classification of
dental images. The findings of this study indicate that specific
preprocessing methods, including a hybrid metaheuristic algo-
rithm, bi-level histogram equalization, and the application of
a high-pass filter, consistently yielded superior performance
metrics when compared to alternative enhancement approaches.

Researchers in the past have also investigated image pre-
processing techniques for breast cancer detection in which the

model incorporates various methods such as image preprocess-
ing, feature selection, feature extraction, and numerous machine
learning algorithms15. Various image preprocessing techniques
such as denoising, segmentation, and image enhancement were
explored. Ultimately, it was concluded that the geometric mean
filter remained most effective. The proposed method used for
this study offers benefit through accurate detection of breast
cancer through image analysis.

Application of Deep Learning in Retinal Disease
Diagnosis

In addition to other areas of medical imaging, researchers have
also delved into the implementation of machine learning in
retinal disease diagnosis16,17.

A study advocated the detection of two of the most common
retinal diseases, DME (Diabetic Macular Edema) and AMD
(Age-Related Macular Degeneration)18. This study reviews
various deep learning methods (including VGG-16, MobileNet,
ResNet-50, Inception V3, and Xception) for classifying OCT
images of retinal diseases. ResNet-50 is shown to be the most
accurate with a 96.21% testing accuracy.

Furthermore, a review has comprehensively examined the
utilization of deep learning techniques in the context of diabetic
retinopathy, focusing on their application for the classification of
retinal landmarks and diseases19. The deep learning techniques
used by many different researchers include using a CNN model
while implementing classification techniques.

An alternative analysis inspects the implementation of an
artificial intelligence-based decision-making and classification
system for abnormalities in OCT retinal images20. In this in-
vestigation, it has been stressed that incorporating effective
preprocessing techniques such as reducing speckle noise as well
as proper segmentation methodology can lead to efficient health-
care management.

Retinal Disease

The retinal diseases investigated in this study include Diabetic
Macular Edema (DME), Choroidal Neovascularization (CNV),
and Drusen.

DME is an occurrence of retinal thickening and is often the
underlying reason for vision loss among patients with diabetes21.
Retinal drusen are yellow spots that accumulate under the retina,
composed of proteins and lipids. CNV is a condition in which
abnormal blood vessels appear under the retina. The OCT im-
ages of these retinal diseases can be referred to in Figure 12.
The model was trained with images of each retinal disease as
well as normal eye images.

This study essentially investigates image preprocessing tech-
niques, how different methods may affect the performance of
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Fig. 1 Structure of a CNN model

a deep learning model, and what may come to be the prepro-
cessing technique with the highest efficiency for retinal disease
diagnosis.

Results

Through the ResNet-50 model, the optimal preprocessing tech-
nique was identified. The x-axis of each graph represents the
number of epochs, illustrating the model’s progress over a series
of training iterations.

In contrast to Figure 2 (accuracy with no preprocessing),
Figure 3 (accuracy with standardization) seemed to perform
with reduced instances of underfitting, however, both are similar
in terms of the training peak. Figure 4 (accuracy with RGB to
BGR conversion) surpasses the training set accuracy achieved
through image standardization as it reaches an accuracy of 100%
before 20 epochs. Figure 5 (accuracy with rescaling) shows
better accuracy than that of image standardization and RGB
to BGR conversion with no signs of underfitting or overfitting.
Finally, Figure 6 (accuracy with normalization) displays the
highest level of accuracy among all figures after 50 epochs,
achieving a validation accuracy exceeding 0.9, however, it has
exhibited indications of underfitting, making rescaling the most
optimal method of preprocessing OCT scans.

When the precision of the models are examined, it can be seen
that most models matched or exhibited inferior performance in
comparison to the Figure 7 (the original model). Figure 10 (pre-
cision of the model with image standardization being applied)
shows promising results in contrast to Figure 8 (precision of the
model with the normalization method applied to images). Figure
11 (precision when RGB to BGR conversion is implemented)
portrays lower signs of overfitting/underfitting. This is while
Figure 9 (precision when images are rescaled) exhibits the best

Fig. 2 The accuracy of the model with no image preprocessing
techniques being applied.

results in terms of precision when compared to other model
precisions.

Discussion

In this study, four different preprocessing techniques were ana-
lyzed, all of which have exceeded the accuracy of the original
model. This is while no other preprocessing technique other than
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Fig. 3 The accuracy of the model when utilizing the image
standardization technique.

Fig. 4 The accuracy of the model when the images are converted from
RGB to BGR images.

the rescaling technique has outperformed the original model in
terms of precision.

Figure 3 (accuracy with standardization) showed reduced
underfitting compared to Figure 2 (accuracy with no preprocess-

Fig. 5 The accuracy of the model when the images are rescaled.

Fig. 6 The accuracy of the model when the images are normalized.

ing), suggesting that the model accuracy portrayed in Figure 2
struggles to learn from the training data and consequently per-
forms poorly. Figure 3, in comparison, indicates standardization
has helped the model better learn the patterns present in the
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Fig. 7 The precision of the model with no image preprocessing
techniques being applied.

Fig. 8 The precision of the model when normalization technique is
being applied.

training data. This is while Figure 4 (accuracy with RGB to
BGR conversion) exhibited faster convergence, reaching 100%
accuracy early. This acceleration might suggest that certain

Fig. 9 The precision of the model when images are rescaled.

Fig. 10 The precision of the model when utilizing the image
standardization technique.

features essential for diagnosis are emphasized through this
color space transformation. Figure 5 (accuracy with rescaling)
outperformed standardization, RGB to BGR conversion, and
normalization in both accuracy and precision while maintaining
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Fig. 11 The accuracy of the model when the images are converted
from RGB to BGR images.

a balanced convergence with low signs of overfitting or under-
fitting. Figure 6 (accuracy with normalization) has displayed
significant instances of underfitting and overfitting due to pos-

sible instances of exaggeration in minor fluctuations or noise
present in the dataset. When applied, normalization can have
the potential to magnify the impact of outliers in the dataset.

Although most preprocessing techniques improved accuracy,
precision did not consistently improve across all methods. No-
tably, Figure 9 (rescaling) showcased the best precision among
the techniques studied. This suggests that while some tech-
niques enhance overall accuracy, they may not significantly
impact precision.

Through this research and results shown by Figure 5 and
Figure 9, it was concluded that rescaling is a highly effective
preprocessing method for retinal disease diagnosis due to its
ability to stabilize pixel intensities, enhance convergence, and
extract only the significant aspects of the image22,23. One study,
aiming to provide analysis on the different preprocessing meth-
ods, reveals that rescaling essentially reduces variations in pixel
values and maintains the fundamental structure of the image
unlike the other preprocessing methods that may alter the vi-
sual features of the image23. With the reduction of abnormal
dissimilarity in pixel intensities and improved convergence, the
efficiency and overall accuracy of the model is enhanced.

Additionally, research consistently demonstrates that rescal-
ing techniques do not differentiate between individual pixels
and are applied uniformly across the entire image, maintaining
the overall consistency in visual elements24. The even modifica-
tion of rescaling methodology is crucial in that it maintains the
relative relationships between the diverse components within
the image.

Healthcare professionals (specialists who focus on the retina)
may utilize the results of this study while utilizing automated
retinal disease diagnosis as a screening tool in identifying early
signs of retinal diseases, specifically DME, CNV, and Drusen.
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The implementation of the rescaling technique holds substantial
promise in the clinical realm as it allows for a much more
consistent analysis and detection of retinal abnormalities.

Future perspectives may include examining a wider range of
preprocessing techniques (such as histogram equalization, con-
trast enhancement, etc) beyond what has already been inquired.
Not only this, but the application of many effective preprocess-
ing techniques may be compared to the application of only one
efficient preprocessing technique in terms of their impact on the
final performance metrics of the model being developed.

It also may be suggested to explore different deep learning ar-
chitectures or models apart from a custom CNN and ResNet-50.
The efficacy of transfer learning with other pre-trained mod-
els combined with the rescaling technique may also be further
investigated. Exploring the scope and depth of deep learning
applications can bring forth several advantages, including height-
ened model performance of disease diagnosis and more precise
medical interventions.

In addition to exploring different preprocessing methodolo-
gies and architectures, it may be proposed to train the model
with Fundus Photography (such that users are not limited to
solely OCT scans) and observe whether results differ based on
the medical imaging.

Methodology

To conduct this research, a dataset sourced from Kagle, and
the Python programming language was utilized to construct the
model within the Google Colab environment. Previous studies
have shown positive outcomes in utilizing these sources25.

Using a dataset derived from Kaggle, a well-known plat-
form for open datasets, the data consists of OCT images of
the retina26. These OCT images are categorized into Diabetic
Macular Edema (DME), Drusen, Choroidal Neovascularization
(CNV), and normal eye images. The dataset consisted of 1120
images each of DME, Drusen, CNV, and normal eye diseases
(4480 images large). The machine learning model was trained
with images of each retinal disease as well as normal eye im-
ages. OCT scans of each retinal disease and differences in
their appearance may be observed in Figure 12. The author
would like to emphasize that Kaggle promotes accessibility and
transparency in data usage, ensuring that contributors adhere to
ethical standards.

Fig. 12 Representative Optical Coherence Tomography Images

In addition to the existing layers presented by ResNet-50,
additional layers were added in order to further strengthen the
model’s accuracy. These layers included the Flatten layer and
two Dense layers. Flatten was used to reshape the input ten-
sor into a single-dimensional array without modifying the data.
The Dense layers were fully connected layers responsible for
feature extraction and transformation, allowing the network to
comprehend complex relationships between features. The first
Dense layer utilizes the ReLU (Rectified Linear) activation func-
tion, ultimately aiding quicker convergence. The second Dense
layer applies the Softmax activation function which serves as
the output layer for classification tasks.

After the model was completely built, the program has plotted
both the accuracy and precision of the model that was further
analyzed. Accuracy would signify how often the model correctly
diagnoses a retinal disease based on the used preprocessing
technique, while precision would measure the model’s ability to
avoid false positives when diagnosing DME, CNV, or Drusen,
both of which are crucial to investigate.
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