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Abstract - Segmentation of the retinal layer in OCT images
is very vital for early detection of neurological disorders
such

as glaucoma, Alzheimer's disease, and multiple sclerosis.
Early detection of these diseases can bring tremendous
difference to the patient—it enables physicians to initiate
treatment earlier and results in improved outcomes and
increased quality of life for the patient.But today, much of
this analysis is still performed manually. Physicians must
review the images and interpret them by hand, a time
consuming process that can produce varying results based
on

the person conducting the analysis. That sort of subjectivity
and variability make it more difficult to make certain, timely
diagnoses.To assist in addressing this issue, our study
presents an automated, machine learning—enabled system
that is capable of segmenting the retina layers in OCT
images

without the necessity of continuous human intervention.
This

system may be employed as a fast and accurate screening
device to aid in the early detection of neurological disorders.
We also tidy up the images before feeding them into the
system with the use of sophisticated methods such as noise
reduction, contrast improvement, and normalization to
ensure we are working with the cleanest possible data.We
also go one step beyond by examining blood vessels within
the retina with a method known as OCT Angiography
(OCTA). OCTA is an non-invasive method to take high
quality photographs of blood circulation within the retina,
even down to the smallest capillaries. But it's difficult to
automatically analyze those vessels. Capillaries may be
difficult to visualize, and the network of blood vessels is
highly complicated.To overcome these issues, we developed
a dataset named ROSE, consisting of 229 OCTA images that

have been manually labeled to indicate where the vessels
are.

We then developed a deep learning model named OCTA-
Net

based on this dataset. It operates in two phases: the first
phase

provides a coarse estimate of where the vessels are, and the
second phase refines the results to distinctly define large and
small vessels.We compared OCTA-Net to other leading
performing vessel segmentation techniques and discovered
that it provided robust, precise results. More intriguingly,
we

observed that the blood vessel pattern—how complex and
structured they were—varied among healthy individuals and
Alzheimer's patients. This creates fascinating opportunities
for utilizing basic eye scans as a non-invasive means to aid
the detection and tracking of neurodegenerative disease

1.INTRODUCTION

1.1 Introduction to Segmentation of Retinal Layers in
oct for identification of Neural Disorders by DLL
Models

Imagine being able to look into someone’s eyes
and see the earliest signs of serious diseases—
sometimes even before they feel any symptoms.
That’s what Optical Coherence Tomography, or
OCT, allows doctors to do. It’s a special kind of
eye scan that takes incredibly detailed, cross
section images of the retina—the light-sensitive
layer at the back of your eye. These scans are so
precise that they can show tiny changes in the
structure of the retina, helping catch problems like
diabetes-related eye damage, macular
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degeneration, glaucoma, and even early signs of
Alzheimer’s. The problem? While the images are
detailed, figuring out what they show isn’t easy.
Doctors have to manually outline each layer of the
retina in these images—a process called
segmentation. It takes a lot of time, training, and
careful attention. Plus, different doctors might not
always agree, especially if the images are unclear
or patients' eyes vary in structure. This makes it
harder to rely on those results for early and
consistent diagnosis. That’s why we’re building
something better: an Al-powered tool that can
automatically analyze OCT scans and accurately
highlight each layer of the retina—quickly,
reliably, and without human bias. We’re using
advanced deep learning models like U-Net,
ResUNet, Attention U-Net, TransUNet, and Swin
U-Net—these are powerful algorithms that can
learn from lots of examples and improve over
time. Our training data comes from the ROSE-O
dataset, which includes OCT images along with
expert-marked segmentations. Using this, the Al
learns what to look for and how to draw
boundaries just like an expert would. But we’re
not stopping there. Another tool called OCT
Angiography (OCTA) takes this a step further—it
maps out the blood vessels in the retina. Why does
that matter? Because changes in these tiny
vessels, especially around an area called the
Foveal Avascular Zone (FAZ), have been linked
to Alzheimer’s disease. Things like reduced
vessel density or subtle changes in shape could be
early clues. To make our Al as useful as possible,
we’re training it on one dataset focused on
Alzheimer’s (the FAZ-Alzheimer’s Disease
dataset), and then testing it on another (the ROSE
dataset). This helps us make sure the tool works
well across different kinds of images and real
world cases. Models like TransUNet and Swin U
Net are especially good at seeing both fine details
and the bigger picture—just like a skilled doctor
would. In the end, our goal is simple: to build a
smart, dependable system that helps doctors catch
diseases earlier, make faster decisions, and give
patients a better chance at treatment and recovery.
Because sometimes, saving sight—and even
lives—starts with just one image.

1.2 Problem statement

Manually segmenting retinal layers from OCT
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images is a slow and tedious process. It’s also not
always consistent—even experienced clinicians
can produce different results due to variations in
image quality, low contrast, and subtle differences
in retinal structure from one patient to another.
These inconsistencies can lead to reduced
accuracy in diagnosis and treatment.There’s a
growing need for a reliable, scalable solution that
can automate this task. An automated approach
would not only save time but also ensure
consistent and precise retinal layer segmentation.
This would reduce the burden on clinicians and
help provide faster, more accurate care for
patients.

1.3 Purpose

The goal of this project is to build a smart, reliable
deep learning system that can automatically
identify and segment the different layers of the
retina in OCT images without the need for manual
effort.Here’s what we aim to do:

* Create an automated system that can accurately
segment both retinal layers and the FAZ (Foveal
Avascular Zone) using OCT and OCTA images.

* Reduce the need for manual work, making the
process faster, more efficient, and less prone to
human error.

*» Help detect Alzheimer’s disease earlier by
identifying small, hard-to-see changes in the
retina and surrounding blood vessels that may act
as early warning signs.

* Use advanced deep learning models like U-Net,
ResUNet, Attention U-Net, TransUNet, and Swin
U-Net—each designed to understand complex
image patterns—for precise and reliable
segmentation.

* Test how well the system works across different
datasets—training it on one dataset (focused on
Alzheimer’s-related features) and validating it on
another (the ROSE dataset), to ensure it’s not just
accurate, but also generalizes well to real-world
scenarios.

1.4 Motivation
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With retinal diseases on the rise and OCT
(Optical Coherence Tomography) becoming
more common in everyday clinical practice,
there’s a growing need for faster, more reliable
diagnostic tools. Right now, the process of
manually analyzing OCT images can be slow
and inconsistent, leading to delays in diagnosis
and treatment.By automating this process, we
can help ease the burden on healthcare
professionals, while also making diagnosis
quicker, more accurate, and more consistent
across the board. This project is driven by a few
key goals:

* To improve early detection and monitoring of
serious eye conditions before they lead to irreversible
vision loss.

* To support large-scale screening efforts using Al
powered tools that can handle high volumes of data
quickly and efficiently.

* To promote the use of smart healthcare systems that
enhance decision-making and ultimately lead to
better outcomes for patients.

1.5 Scope and Limitations
1.5.1 Scope of the Project

To bring this system to life, we’re following a structured
approach that blends data, deep learning, and rigorous
evaluation. Here's how we're doing it:

» We're training our models using the FAZ
Alzheimer’s Disease ImageMask Dataset, which
focuses on retinal vascular features linked to
Alzheimer’s, and testing them on the ROSE-O dataset
to see how well they generalize to new images. We're
also validating the system using both datasets to
ensure robustness and consistency.

* We’re applying a range of powerful deep learning
models—including U-Net, ResUNet, Attention U
Net, TransUNet, and Swin U-Net—to compare their
performance and understand which one works best
for segmenting retinal layers and the FAZ region.

* Before feeding the images into the models, we
perform important preprocessing steps like
normalization (to keep intensity levels consistent),
resizing (so all images are the same shape), and data
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augmentation (to simulate variations and improve
model learning)

1.5.2 Limitations of the Project

Though this project does a great job of automating
segmentation of the retinal layers, there are a couple of
significant limitations to consider:

* The project is only interested in segmentation, and it
doesn't try to diagnose or classify certain diseases.

* Model accuracy could depend on the quality and
diversity of the dataset being used. Poor or incomplete
data can impact the validity of the results.

* High-end hardware is usually necessary, which might
render the system difficult to implement in
underprivileged clinics or hospitals.

* Results might require adjustment when used on
images captured on other OCT machines or within
various patient populations, as variations in equipment
or demographics can introduce biases.

1.6 Objectives

This project is driven by a clear purpose: to make eye
imaging smarter, faster, and more helpful in real-world
healthcare. Here’s how we plan to achieve that: » Build
Smart Segmentation Models: We're developing deep
learning models—Ilike U Net, ResUNet, Attention U
Net, TransUNet, and Swin U-Net—that can
automatically and accurately highlight the layers of the
retina and the FAZ region in OCT and OCTA images.

» Make It Clinically Reliable: By using well-annotated
datasets like FAZ and ROSE, we aim to build a system
that doctors can trust—one that supports accurate
diagnoses and reduces uncertainty.

* Use Advanced Al Tools: Transformer-based models
like TransUNet and Swin U-Net are especially good at
understanding complex images. We’re using them to
handle tricky areas and pick up on patterns that
traditional models might miss.

* Handle All Kinds of Images: Real-world scans can
vary in quality depending on the device, lighting, or

the patient. That’s why we apply preprocessing steps
like noise reduction and normalization, plus data
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augmentation to prepare the system for all kinds of
images.

* Cut Down on Manual Work: Segmenting these
images by hand is time-consuming and can vary from
expert to expert. Our goal is to automate this process,
making results more consistent and freeing up time for
clinicians.

* Help Detect Diseases Early: Tiny changes in the
retina can point to serious diseases like Alzheimer’s,
glaucoma, or diabetic retinopathy. Our system aims to
catch these signs early—when treatment can be most
effective

1.7 Significance of the Study

This work is of great importance to both the medical
and technological fields by solving the pressing
requirement for quick and precise diagnosis of
Segmentation of retinal layer using OCT. The primary
contributions of this research are:

* Facilitates Early Diagnosis of Neural Disorders:
Allows early identification of life threatening neural
conditions such as glaucoma, Alzheimer's disease, and
multiple sclerosis based on structural retina analysis.

* Enhances Treatment Outcomes: Early detection
results in early intervention, benefiting disease
development and patient quality of life.

» Automates Segmentation of Retinal Layers: Presents
a machine learning-based system to overcome
conventional manual segmentation, saving time and
human labor.

* Enhances Diagnostic Accuracy: Eliminates inter
observer variability and subjectivity by offering
consistent and reproducible segmentation outcomes.

* Enables Large-Scale Screening: Permits the high
throughput processing of large volumes of OCT data,
enabling mass screenings and clinical trials.

* Enhances Clinical Workflow Efficiency: Provides
quick, automated segmentation that fits seamlessly
into clinical settings, accelerating total workflow
speed and accuracy.

* Facilitates Scalability and Generalization: Trained
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using heterogeneous datasets and augmentation
techniques, the model is deployable across various
populations, devices, and conditions.

* Enhances Longitudinal Patient Monitoring: Enables
ophthalmologists to monitor changes in retinal layers
with time, enabling long-term disease monitoring and
personalized treatment planning.

* Facilitates Research and Education: Enables
interpretable visual outputs (e.g., confidence maps,
overlay masks) that can be utilized for academic
training and clinical research on disease patterns.

* Paves the Way for Future Al Integration: Creates a
scalable framework that can be extended to associated
applications such as fluid segmentation, lesion
detection, or disease progression analysis in
ophthalmology

1.8 Proposed Solution

At the heart of this project is a simple idea: to help
doctors see what the human eye can’t, faster and more
clearly. We're building an intelligent, end-to-end deep
learning system that can automatically spot and outline
the delicate layers of the retina and the foveal avascular
zone (FAZ) in OCT and OCTA scans—something that
usually takes a trained specialist time, effort, and

focus.

Why does this matter? Because tiny changes in these
parts of the eye can reveal the earliest signs of serious
diseases like Alzheimer’s, glaucoma, or diabetic
retinopathy—often before symptoms appear. By
catching these signs early, patients can get care sooner,
and doctors can make more confident decisions.

We want this system to do more than just work in a
lab—it should fit right into real clinics, giving accurate
results quickly, supporting better diagnosis, and easing
the burden on healthcare professionals. In the long run,
we hope this tool helps bring smarter, faster, and more
compassionate care to people everywhere.

We're building a smart, Al-powered system that can
automatically analyze OCT and OCTA images—those
detailed eye scans—and accurately highlight the layers
of the retina and the foveal avascular zone (FAZ).
Here’s a closer look at how everything fits together:
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1. A Fully Automated Segmentation Framework At the
heart of our system is a deep learning model that does
the heavy lifting. Just feed it an image, and it produces
a pixel-perfect map showing exactly where each

retinal layer and the FAZ region is—no manual tracing

needed.

2. Preprocessing: Cleaning and Preparing the Images
Before the images are analyzed, we clean them up:

» We reduce noise (like static in a photo),

» Normalize brightness and contrast,

* Resize them to a consistent shape (256%256 pixels),
* And use smart tricks like data augmentation to help
the model learn from a wider variety of image styles.

3. Trying Out Multiple Al Models We’re
experimenting with different types of deep learning
models—each one with a different “personality” and
strength:

» U-Net: A solid classic that keeps important spatial
information.

* ResUNet: A deeper version that learns better with
more layers.

* Attention U-Net: Smart enough to “focus” on the
important parts of the image.

* TransUNet: A hybrid model combining CNNs and
transformers, so it sees both fine details and the bigger
picture.

» Swin U-Net: Uses a newer type of transformer to
understand the image in layers, almost like how
doctors zoom in and out to get a better view.

While we test all of them, our focus is mainly on
TransUNet and Swin U-Net—they’re especially good
at dealing with complex, high-variation images like the
ones we're working with.

4. Training and Testing the Right Way To teach the
model what to look for and how to find it:

* We train it using the FAZ-Alzheimer’s dataset, which
contains labeled OCTA images showing the FAZ
region.

* We validate the model using both the FAZ and
ROSE/ROSE-O datasets during training to make sure
it works across different kinds of images and patient
groups.

* We test it on the ROSE-O dataset—a separate set of
high-quality OCT images with expert annotations.
This helps us see how well the system performs on
new, unseen data.

© 2025, IJSREM | www.ijsrem.com

5. What You Get: Clear, Detailed Results The final
output is a set of sharp, high-resolution segmentation
maps showing the retinal layers and the FAZ. These
results can help:

* Detect diseases earlier

* Track changes over time

* And fit right into real-world clinical workflows—
giving doctors clear, reliable information they can act
on.

1.8.2 Advantages of the Solution

* Improved Diagnostic Accuracy

By accurately segmenting retinal layers, the system
helps reduce diagnostic errors and gives clinicians
more confidence in their assessments.

* Consistent and Automated Results

The process is fully automated, which removes
variability between different users and ensures
reliable, repeatable results every time.

* Supports Early Detection

The model can spot subtle changes in the retina early
on—crucial for catching conditions like glaucoma or
diabetic retinopathy before they progress.

* Boosts Efficiency

With real-time, high-speed processing, the system fits
smoothly into the clinical workflow, helping doctors
make faster and more informed decisions.

» Works Across Different Settings

Trained on diverse data, the model performs well
across different devices, image types, and patient
populations—making it flexible and robust.

1.9 Challenges and Mitigation Strategies
1.9.1 Challenges

* Limited Data Availability

High-quality, annotated OCT datasets are hard to come
by, which makes training accurate models more
difficult.

* Variation in Images

OCT images can vary a lot in terms of resolution,

clarity, and anatomical structure. This can make it
tough for the model to perform consistently across
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different cases.

* Loss of Fine Details

Sometimes, image enhancement techniques—while
improving overall clarity can unintentionally blur or
erase tiny, delicate features like fine blood vessels.

» Complex Retinal Structures

Retinal layers and blood vessels often overlap or
appear densely packed, making it a real challenge for
even advanced models to segment them correctly.

* Lack of Transparency

Deep learning models can feel like a "black box." It’s
not always clear how or why they make certain
decisions, which can be a concern in clinical settings
where explainability is important.

1.9.2 Mitigation Strategies

* Diverse and Inclusive Data:

We use two different datasets—FAZ and ROSE—
which include a wide variety of eye images. With
smart data augmentation techniques, we teach our
models to handle different image styles, patient types,
and even devices. This helps our system stay accurate
and reliable in the real world.

* Smarter Models for Deeper Understanding:

We rely on advanced architectures like TransUNet and
Swin U-Net because they’re great at looking at both
the big picture and fine details. They can pick up subtle
patterns in eye scans that simpler models might miss.

* Clean, Clear Images:

Before feeding images into the model, we apply
techniques like noise reduction and normalization to
make them sharper and more consistent. Clean input
means better output.

* Custom Architectures with Focus:

We use models like Attention U-Net and TransUNet,
which are specially designed to "focus™ on the most
important parts of an image—helping them understand
complex structures like the FAZ more accurately.

» Two-Step Segmentation Process:

We don't stop at just one pass. First, we do a rough
segmentation, then refine it for more precise results.
This multi-stage approach helps the model get both the
structure and the fine edges right.

© 2025, IJSREM | www.ijsrem.com

1.10 Future Directions

* Adaptive Algorithms: Develop segmentation models
that adjust dynamically to image variations.

» Detail-Preserving Denoising: Innovate noise
reduction techniques that retain fine structures like
capillaries.

» Advanced Skeletonization: Use methods that
maintain vessel continuity and structural integrity.

* Hybrid &Ensemble Models: Explore hybrid
architectures and ensemble learning to boost
robustness.

» Handling Degenerative Changes: Design models
resilient to progressive retinal degeneration.

* Clinical Impact: Enhance interpretation of OCTA
images for improved diagnostic outcomes. This
project represents a significant step toward achieving
accessible, accurate, and efficient Alzheimer
diagnostics, with the potential to transform global
healthcare.

2. LITERATURE SURVEY

2.1 Literature Survey on Deep Learning for Retinal
Layer Segmentation

2.1.1 Advancements in Retinal Imaging and Analysis
Techniques

Imagine being able to look into someone’s eyes and
catch the earliest signs of Alzheimer’s, glaucoma, or
diabetic retinopathy—before any symptoms appear.
Thanks to two incredible imaging technologies, OCT
(Optical Coherence Tomography) and OCTA, that’s
becoming a reality. These scans are like ultrasound, but
for the eye—only far more detailed. They give us
crystal-clear, 3D views of the retina and its tiny blood
vessels, all without touching the eye. Doctors rely on
them every day to understand what's happening deep
inside the retina, where early signs of disease often
hide.One of the most important areas in these images
is a tiny region called the foveal avascular zone (FAZ).
Subtle changes in the FAZ and nearby retinal layers
can reveal the earliest signs of neurodegenerative
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diseases—sometimes even before patients feel
anything is wrong.But there’s a problem.Spotting
these tiny changes by hand—manually outlining them
on each scan—is slow, tiring, and varies from person
to person. It takes a trained expert, and even then, it’s
not always consistent. And with the growing number
of scans being taken every day, it’s simply not practical
to keep doing it all by hand.That’s where deep learning
comes in.

In this project, we’re building a system that can
automatically analyze OCT and OCTA scans and
highlight the areas that matter most—Ilike the retinal
layers and FAZ region. It's like giving clinicians a
smart assistant that works tirelessly, sees patterns even
experts might miss, and delivers results in seconds.By
training the system on real medical images and
refining it to work reliably across different types of
scans and patients, we’re aiming for more than just
accuracy— we want it to truly help in early diagnosis
and treatment, and make eye care more efficient,
consistent, and accessible.Because sometimes, seeing
more clearly means acting sooner—and saving sight,
or even lives.

2.1.2 Convolutional Neural Networks for Retinal
Layer Segmentation

In the early days of trying to automate retinal layer
segmentation, techniques like edge detection and
thresholding were commonly used. But these methods
often struggled—they weren’t equipped to deal with
how complex the retina’s structure is, or how much
OCT image quality can vary from one scan to another.
They also had a hard time dealing with noise, which is
basically all the little bits of “visual clutter” that can
confuse a computer.

That’s where deep learning has made a real difference.
In particular, Convolutional Neural Networks—or
CNNs—have completely changed how we approach
this problem. One standout model is called U-Net,
which has become incredibly popular for medical
imaging tasks. What makes U-Net so effective is that
it can understand both the small details and the overall
structure of an image. Its special design helps it keep
track of where things are in the image, while still
learning what they are.

Other models have built on U-Net to make it even
better. ResUNet, for example, includes something
called “residual connections,” which help the model
learn more deeply without getting overwhelmed or
confused. Then there's Attention U-Net, which takes

© 2025, IJSREM | www.ijsrem.com

things further by teaching the model to focus only on
the most important parts of an image—almost like how
a doctor focuses on certain areas when looking for
signs of disease. This is especially helpful when trying
to tell apart tiny or hard-to-see structures in retinal
scan

2.1.3 Integration of Deep Learning in Clinical
Workflows

Doctors and healthcare workers have a lot on their
plates, so anything that can make their jobs easier and
more reliable is a big win. That’s why automated tools
that can quickly analyze eye scans are becoming so
important. Thanks to deep learning, these systems can
look at images fast and fit right into a doctor’s routine
without slowing things down.This means patients get
diagnosed and treated sooner, which can really make a
difference. Plus, since these tools work the same way
every time, there’s less chance for mistakes or

2.1.4 Hybrid Architectures and Ensemble Learning

Recently, researchers have been creating hybrid
models that mix traditional methods with the latest
techniques to get better at segmenting retinal images.
One example is TransUNet, which blends a
transformer architecture with the popular U-Net
model. This helps the system understand not just local
details but also the bigger picture across the whole
image—something really important in medical scans.

Another model, Swin U-Net, uses a special kind of
transformer called the Swin Transformer in its
“encoder” part. This allows it to handle larger images
and capture more context, while still using the U-Net
“decoder” to keep the fine details sharp and clear.

2.1.5 Our Custom Residual Squeeze and CNN

For this project, we wanted to make retinal layer
segmentation in OCTA images more accurate and
reliable. To do that, we created custom deep learning
models that build on some of the latest advances in the
field:

* Attention U-Net: This improves the classic U-Net by
adding “attention” mechanisms. Think of it like
helping the model focus on the important parts of the
image—those areas that really matter for diagnosis—
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while ignoring distractions.

* TransUNet: This model combines transformers with
U-Net, giving it the ability to understand both the small
details and the bigger picture at the same time. That’s
especially helpful for spotting those subtle boundaries
between retinal layers.

» Swin U-Net: This one uses a special kind of
transformer that looks at the image in overlapping
“windows” of different sizes. This lets it better
understand complex structures in the retina by
capturing details at multiple scales.

2.1.6 Future Directions in ALL Detection

The journey doesn’t stop here. As we continue to push
the boundaries of Al in medical imaging, there are
several exciting areas of ongoing research designed to
make these systems even smarter, more reliable, and
clinically useful:

» Smarter, More Trustworthy Datasets: One of the
biggest steps forward is improving the quality of the
data itself. We're working on building better, more
carefully labeled OCTA datasets—because the better
the training data, the better the model's performance in
real world scenarios.

* Models That Adapt Like Humans: Not every eye scan
looks the same. People's eyes— and the conditions
affecting them—vary widely. That’s why future
models are being designed to adjust on the fly, learning
to handle different levels of image quality, noise, or
changes in retinal structure without missing a beat.

* Cleaning Without Losing Detail: Reducing noise in
images is important, but it’s easy to lose tiny
anatomical features in the process. The goal now is to
create denoising methods that keep the details intact,
especially the small vessels and fine retinal layers that
are so critical for diagnosis.

* Keeping Vessels Connected and Clear: We’re
developing improved techniques for skeletonization,
which means extracting clear, continuous outlines of
blood vessels. This helps in mapping out vascular
networks accurately—crucial when detecting subtle
abnormalities.

» Making AI’s Thinking Visible: It's not enough for a

model to give the “right” answer— we want to understand
why. That’s why new research is focused

on improving interpretability, by generating overlays,
attention maps, and other visual tools that show what

the Al is focusing on. This helps doctors trust and

validate the model’s insights.

* Bridging the Lab and the Clinic: Ultimately, the goal
is to bring these Al tools into real world clinical
settings. That means making them robust, precise, and
practical enough for everyday use—so they can truly
help doctors make faster, more accurate decisions

2.2 Relevance to this Project.

In recent years, two amazing imaging tools—Optical
Coherence Tomography (OCT) and Optical Coherence
Tomography Angiography (OCTA)—have changed
the way doctors look at the retina. These techniques let
us peek inside the eye in incredible detail, without any
discomfort or invasive procedures. They provide crisp,
layered, 3D images that help spot early signs of
conditions like Alzheimer’s, glaucoma, and diabetic
retinopathy—sometimes even before a patient notices
any symptoms.

A particularly important spot in the retina is called the
foveal avascular zone (FAZ). Even tiny changes there
or in the nearby retinal layers can be clues to serious
brain and eye diseases. But here’s the catch: manually
going through each scan to mark these areas is slow,
exhausting, and can differ depending on who’s doing
it. Plus, with more scans being done all the time, this
approach just isn’t practical anymore.

That’s why this project aims to bring in smart, Al
powered tools that can handle this task quickly and
consistently. We’re using cutting-edge deep learning
models—especially ones called TransUNet and Swin
U-Net—that don’t just look at small details but also
understand the bigger picture in each scan. This is
crucial because retinal images can be complicated,
with subtle differences between patients and machines.
To train these models, we’re using two rich sets of
images:

* The FAZ dataset, full of annotated images focusing
on the critical foveal avascular zone.

» The ROSE datasets, which have detailed labels for
the different retinal layers.

By training on one dataset and testing on another, we
make sure our models don’t get stuck just memorizing
one type of image—they learn to adapt and work well
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in different situations. In the end, the goal is simple: to
create a reliable, easy-to-use system that helps doctors
spot early signs of disease faster and more accurately.
This means better care for patients and less guesswork
for clinicians—a true win-win.

3. PROJECT DESIGN

The design phase is where we lay out a clear, practical
plan to solve the problem we’ve defined earlier. You
can think of it as the stepping stone between figuring
out what needs to be done and actually building the
solution. It helps make sure that everything we want to
do is organized and can actually be done in real life.In
this phase, we take the goals and requirements and
break them down into manageable parts—kind of like
dividing a big puzzle into smaller pieces. This plan
then guides the whole development process. Having a
good design isn’t just about making the system work;
it also means the final product will be reliable and do
what it’s supposed to do. Plus, it makes the next
steps—Ilike coding, testing, and fixing bugs—a lot
easier and less stressful.Designing a system means
figuring out all the pieces it needs, what each piece
should do, and how they’1l all connect and work
together smoothly. It’s like getting a bird’s-eye view of
the whole project so nothing gets lost or left out. In this
chapter, we’ll explore three important parts of this
design process:

3.1 Basic Design

The basic idea behind this project is to create a smart
deep learning model that can automatically identify
and segment the tiny layers of the retina and the foveal
avascular zone (FAZ) from OCT and OCTA images.
Getting this right is really important because these
detailed retinal features can give early clues to
neurodegenerative and retinal diseases, helping
doctors diagnose patients sooner and more accurately.
Before feeding images into the model, we clean them
up with some key preprocessing steps like reducing
noise, normalizing brightness and contrast, and
enhancing details. This makes sure the model can
handle images that come from different machines, vary in
quality, or show natural differences between

patients’ eyes. By doing this, the model won’t get
confused by artifacts or small anatomical changes.
Ultimately, this system is designed to take the heavy
lifting off clinicians by automating the segmentation

process. This reduces the chance of human error and
inconsistencies, and it also makes it easier to apply this
technology on a large scale in clinics.

3.1.1 Model Training and Storage

For training the model, we rely on high-quality,
carefully labeled datasets. The ROSE-O dataset is
used for segmenting the retinal layers, while the FAZ
dataset focuses on the foveal avascular zone. These
datasets include OCT and OCTA images, along with
detailed ground truth masks that show exactly which
pixels belong to each structure.

The images come in various formats like PNG, JPG,
NIfTI (.nii), or DICOM (.dcm), and during
preprocessing, they’re all standardized to consistent
sizes—usually 256x256 or 512x512 pixels. To
prepare the data, we resize the images, scale the pixel
values from the typical 0-255 range down to 0-1, and
apply different data augmentation techniques. These
include random rotations, flips, zooms, and shifts,
which help the model learn to handle a wide variety of
image conditions and reduce the risk of overfitting.
We apply the same resizing and normalization to the
segmentation masks to keep everything perfectly
aligned with the input images, making sure the model
learns accurate pixel-level segmentation.

3.1.2 Classification Workflow

Here’s how the segmentation model works step-by
step:

* [nput:
It all starts with preprocessed OCT or OCTA images
ready for analysis.

* Feature Extraction (Encoder): The model’s encoder
takes these images and pulls out important features at
different levels—from simple edges to more complex
patterns within the retinal structures

*Contextual Understanding (Bottleneck/Transformer):
Next, transformer-based parts of the model, like those
in TransUNet or Swin U-Net, help the system
understand the bigger picture by capturing long-range
relationships in the image. This is especially helpful
for spotting subtle and tricky boundaries in the retina.

* Restoring Image Size (Decoder): The decoder then
upsamples these features back to the original image

© 2025, IJSREM | www.ijsrem.com
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size, carefully combining them with earlier details
(using skip connections) to keep the segmentation
sharp and accurate.

¢ Attention Mechanisms: In some models, attention
gates help focus on the most important areas, filtering
out noise and irrelevant parts of the image to boost the
accuracy of segmentation.

* Output (Segmentation Map): Finally, the model
produces a probability map that shows where each
retinal layer or the FAZ is likely located. This map is
then converted into a clear, binary mask.

¢ Evaluation: To see how well the model did, its
predictions are compared with the ground truth using
metrics like Binary Cross-Entropy loss and pixel-wise
accuracy.

3.2 High-Level Design

Imagine having a helpful friend who’s an expert at
looking at eye scans and pointing out all the tiny,
important details automatically. That’s what this
system does — it uses smart Al to quickly and
accurately find key parts of the retina and a special area
in the eye called the FAZ. This means doctors can
catch problems earlier without spending hours
analyzing images themselves. It’s built to be easy,
reliable, and ready to help lots of people, making eye
health checkups smoother and more effective for
everyone

3.2.1 Automation Layer

The automation layer acts like the behind-the-scenes
engine of the system, taking care of all the heavy
lifting so everything runs smoothly and consistently. It
helps reduce the need for manual work by doctors and
removes the guesswork from the process. This layer
cleans up the images— reducing noise, adjusting
brightness and contrast, and getting them ready for
analysis. From loading raw OCT scans to running the
model and showing the final results, it handles each
step automatically, making the whole experience
faster, easier, and more reliable

3.2.2 Model Integration

At the heart of the system are some of the smartest Al

© 2025, IJSREM | www.ijsrem.com

models available today — like TransUNet and Swin
U-Net. These models are especially good at spotting
both the tiny details and the bigger picture in eye scans,
which is super important when looking at something
as complex as the retina. The system is built in a
flexible way, so it’s easy to swap in new models or
compare how different ones perform. And because
speed matters in real clinical settings, it’s also
designed to run efficiently — aiming for results that
are not just accurate, but also fast enough to help
doctors in real time.

3.3 Requirements
3.3.1 Functional Requirement

* The system should be able to accurately identify and
separate the different layers of the retina from OCT
images.

* It needs to automatically clean up and enhance the
images by reducing noise, normalizing brightness and
contrast, and generally improving clarity.

* The system must be flexible enough to work with
images of varying quality, different lighting
conditions, and anatomical differences between
patients.

« It should reduce the reliance on manual annotations
from experts, saving time and effort.

* The output should be reliable and consistent, no
matter who uses the system or which image is
processed.

» Ultimately, the system should help doctors make
early, accurate diagnoses of retinal conditions—
leading to better, faster care

3.3.2 Performance Requirements

* The system needs to deliver highly accurate
segmentation results that doctors and clinicians can
trust in real-world medical settings.

» It should be fast and efficient, capable of making

predictions quickly so it can easily fit into busy clinical
workflows.
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» The model should work well across different groups
of patients, various imaging devices, and diverse
clinical environments without losing accuracy.

* Key performance indicators—Ilike Precision, Recall,
F1 Score, and Accuracy—should all remain
consistently high to ensure the system meets medical
standards.

3.3.3 Security Requirements

* To protect user privacy, any image data that's been
processed should be deleted right away. This helps
ensure that personal medical information isn’t
accidentally stored or accessed later on.

* At the same time, the system should be smart enough
to spot and block any harmful or suspicious files
before they can cause trouble—Kkeeping everything
safe, secure, and running smoothly

3.3.4 Usability Requirements

* The system should provide easy-to-understand visual
outputs—Ilike overlay masks and confidence maps—
so clinicians, students, and researchers can clearly see
what the model is detecting and how sure it is.

* It should also help eye care professionals monitor
how retinal layers change over time, making it easier
to track disease progression or treatment response.

* Most importantly, the system needs to fit smoothly
into real-time clinical workflows without slowing
anything down—offering accurate results right when
they’re needed

3.4 Challenges and Solutions
3.4.1 Challenges

* Limited Access to Quality Data: Training a powerful
Al model starts with solid data— but in the case of
OCT images, there just aren’t enough high-quality,
well-labeled datasets available. This makes it harder to
teach the model what it should be looking for.

* Differences Between Images: Not all OCT images
are created equal. Variations in image clarity, size,
noise levels, and even anatomical differences between
patients mean that the model has to work harder to

© 2025, IJSREM | www.ijsrem.com

understand and perform consistently across a wide
range of cases.

* Risk of Losing Important Details: Sometimes,
improving image quality—Iike reducing noise or
adjusting contrast—can unintentionally erase tiny yet
vital features, such as fine blood vessels. These details,
though subtle, can be crucial for accurate diagnosis.

* Challenging Structures to Segment: The retina
contains complex networks of vessels, many of which
are tightly packed or overlap each other. This makes it
particularly difficult for traditional algorithms to draw
clean, accurate outlines.

3.4.2 Solutions

* Smarter Training with More Variety: To help the
models learn better and perform well on different types
of images, the system uses data augmentation — like
flipping, rotating, and zooming images — along with
diverse datasets such as ROSE-O and FAZ. This
makes the model more adaptable and reliable in real
world scenarios.

* Cleaner, Clearer Images: Before feeding images into
the model, the system cleans them up by reducing
noise, balancing brightness, and enhancing contrast.
This helps ensure that the model sees the best possible
version of the image, no matter where it came from.

* Next-Gen Architectures: By using powerful

transformer-based models like TransUNet and Swin
U-Net, the system can zoom in on tiny details while
still understanding the bigger picture. These models
are especially good at making sense of tricky, low
contrast areas in retinal images.

* Step-by-Step Segmentation: Instead of trying to get
everything right in one shot, the system first makes a
rough outline and then refines it — kind of like
sketching before painting — to boost accuracy and
detail.

» Easy-to-Understand Outputs: For doctors and
researchers, the system provides clear visual cues like
overlays and confidence maps. These help make sense
of the Al’s decisions, offering not just results, but also
insights that support diagnosis and learning.
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4. IMPLEMENTATION

This project focuses on building an intelligent system
that can automatically identify and segment the
delicate structures of the eye—specifically the retinal
layers and the foveal avascular zone (FAZ)—from
OCT and OCTA images. These kinds of images are key
in detecting early signs of serious conditions like
Alzheimer’s disease and glaucoma. Instead of relying
on time-consuming and subjective manual analysis,
our system uses deep learning to make the process
faster, more accurate, and easier to scale in real clinical
settings.

To bring this system to life, we used a combination of
well-known and cutting-edge segmentation models.
These include U-Net, ResUNet, Attention U-Net,
TransUNet, and Swin U-Net. Among them, TransUNet
and Swin U-Net stood out for their ability to
understand both the small, fine-grained details and the
larger spatial relationships in an image—an important
feature when analyzing something as complex as the
human retina. We trained these models using publicly
available datasets: the FAZ dataset for identifying the
FAZ region, and the ROSE-O dataset for retinal layers.
Before training, each image went through a careful
preprocessing pipeline. This involved removing noise,
normalizing brightness, resizing, and applying data
augmentation techniques like flipping and rotating.
These steps were crucial to ensure the models could
perform well, even when working with limited or
varied data. The models were trained using
TensorFlow/Keras and PyTorch, then saved in a way
that made them easy to plug into our backend system.
The backend was built to handle everything from
loading the raw images to displaying the final
segmented results—automatically and reliably. It runs
efficiently, even on devices with limited hardware, and
can be scaled to the cloud for larger use cases. The final
results are shown through a clean, interactive interface,
making it easy for doctors or researchers to interpret
what the system has found. By combining automation,
accuracy, and ease of use, this solution is designed to
fit smoothly into real-world diagnostic workflows and
potentially transform how we detect retinal and
neurological diseases.

4.1 Data Preparation
To teach our deep learning models how to recognize

and segment key features in retinal images, we relied
on two specialized datasets. The first, called the

© 2025, IJSREM | www.ijsrem.com

ROSE-O dataset, offers detailed OCTA scans that
include expert annotations of the various retinal layers.
These layers are incredibly important when it comes to
understanding diseases like glaucoma or multiple
sclerosis, where early structural changes in the retina
can be the first signs something is wrong. The second
dataset focuses on the Foveal Avascular Zone (FAZ)
and comes from a collection linked to Alzheimer’s
research. The FAZ is a tiny, vessel-free area in the
center of the retina that has become a powerful
biomarker for detecting early signs of
neurodegenerative diseases.

But raw medical images can be messy, inconsistent,
and hard for models to learn from straight away—so
we took care to prepare them properly. We resized all
the images and their masks to a consistent shape, like
256x256 or 512x512 pixels, to make them easier for
the models to process. We also normalized the pixel
values so that every image fell into the same brightness
range, which helps the model focus on the patterns that
matter instead of being thrown off by lighting or
scanner differences.

To make the most of our limited data and help the
model learn to be flexible, we used data augmentation.
That means we added slight variations—Ilike rotating
the image a bit, flipping it, zooming in or out, or
nudging it slightly—to simulate the natural differences
you'd see from patient to patient or between different
clinics. And just like the images, the masks that
highlight the areas of interest (like the FAZ or retinal
layers) were treated the same way, ensuring everything
stayed perfectly aligned.

Finally, we split the data so that 80% would be used to
train the model and the remaining 20% would be kept
aside for testing. This way, we could teach the model
using the majority of the data but still have a clean set
of images to see how well it performs on cases it hasn’t
seen before—just like it would in a real clinical setting

4.2 Model Training

How We Trained Our Models: We wanted our system
to be really good at telling apart the different layers in
those eye images, so we trained several smart Al
models—each with its own special skills.

» Starting Simple with U-Net: U-Net is kind of like the
classic go-to model. It looks closely at small parts of
the image and also keeps an eye on the bigger picture.
This helps it figure out where each retinal layer is.

* Trying Out Different Al Models: Although several
deep learning models were considered for this project,
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special attention was given to TransUNet and Swin U
Net. These two architectures stood out because they
combine the best of both worlds: they can recognize
tiny, detailed features while also understanding the
bigger picture. This balance is especially important
when working with OCTA images, where the goal is to
accurately segment intricate structures like the foveal
avascular zone (FAZ) and the layered architecture of
the retina—both of which can be subtle and vary
greatly between individuals. TransUNet builds upon
the well-known U-Net structure but introduces
transformer encoders into the mix. This enhancement
allows the model to "see" patterns over longer
distances within the image, which helps it better
understand the relationships between distant pixels—
crucial when dealing with complex and overlapping
retinal featuresOn the other hand, Swin U-Net uses
what's called a Swin Transformer, which processes
images in a hierarchical way—starting small and
gradually building a broader understanding of the
scene. This makes it particularly effective for handling
datasets with a lot of variation, such as those that
include scans from different devices or patients with
different conditions. Its efficiency and flexibility made
it a strong candidate for achieving reliable, high
quality segmentation results in a clinical setting.

* How We Taught Them:

1.We used a special “scorekeeper” called Binary
Cross-Entropy that tells the model how well it’s doing
by comparing its guesses to the real answers

L _BCE=-(1/N) 2" {i=1} [yilog(y:) + (1 — y) log(l
—yil

Where: yi : Ground truth pixel label (0 or 1)

y'i: Predicted pixel probability

N : Number of pixels

2.We chose the best “coaches” (called optimizers like
Adam or SGD) to help the models learn quickly and
accurately.

3.For the more complex models, we added extra tricks
(like dropout and batch normalization) so they
wouldn’t just memorize the training data but actually
learn to understand new images too.

4.To check how well the model was doing, we looked
at how many pixels it got right out of all the pixels in
the image. Pixel Wise accuracy is a key
metrics,calculated as

Accuracy = Number of Correct Pixels / Total Number
of Pixels

5.Some models had special talents:

*ResUNet uses shortcuts inside the model to learn

better and faster.

*Attention U-Net “pays attention” to the important
parts of the image and ignores distractions.
*TransUNet and Swin U-Net use something called
“transformers” that help model understand bigger
patterns in the images.

» Teamwork for Better Results: Instead of trusting just
one model, we let all the models “vote” on what they
think the right answer is for each pixel. The majority
vote wins! This way, the final result is stronger and
more reliable. We also highlight the results to make it
easy for doctors to see what the Al found.

* Keeping Things Running Smoothly: Our system is
smart enough to check if the input images are okay
before starting. If something’s wrong (like a bad file),
it handles the problem gracefully and logs the error
without crashing. That way, users can fix the issue and
try again easily.

* Fast and Flexible: We know doctors don’t have time
to wait, so the whole system is built to work fast—
almost in real-time! And it runs well even on regular
computers, so it can be used in many different clinics
without needing expensive gear.

4.3 Challenges and Mitigation Strategies

* Dealing with Dataset Challenges: Since there aren’t
tons of OCT images out there, and the ones we do have
vary a lot, we got creative with data augmentation —
basically making new training examples by flipping,
rotating, and zooming images. We also pulled together
multiple public datasets to help our models learn better
and handle different kinds of images more confidently.
» Making Different Al Models Play Nice Together:
Because we’re using a bunch of different Al models,
each with its own style, we made sure every image gets
treated the same way before going in. That means
resizing, normalizing, and prepping the data uniformly
so all models get a level playing field and we can easily
compare their outputs.

* Keeping It Snappy and Efficient: We designed the
whole system to run smoothly and fast, even on regular
computers. The models and processing steps are
optimized so you won’t have to wait forever for
results, making it practical for real-world use.

5. RESULT AND DISCUSSION

5.1 Results of Retinal Layer Segmentation System
This deep learning system marks a meaningful step
forward in medical imaging, especially when it comes
to enhancing the quality of OCTA scans and accurately
pinpointing crucial retinal structures like the retinal
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layers and the Foveal Avascular Zone (FAZ). These
details, while subtle, are often early indicators of
serious health conditions such as Alzheimer’s disease,
glaucoma, and multiple sclerosis. By catching these
signs sooner, clinicians can act faster and more
confidently

What makes this system particularly powerful is its
ability to combine smart image enhancements with
cutting-edge Al models. Through steps like removing
noise, boosting contrast, and standardizing image
inputs, the system makes even the faintest vascular
structures clearer. This gives the deep learning models
the best chance to focus on what matters most— those
small but significant changes in the retina that might
otherwise go unnoticed. Ultimately, this technology
isn’t just about segmentation; it’s about helping
doctors see more clearly and make earlier, life
changing diagnoses.

5.2 Model Performance

To see how well the system works, we tested it on two
key datasets: the ROSE-O dataset, which focuses on
retinal layer segmentation, and the FAZ-Alzheimer’s
Disease ImageMask Dataset, which helps with
segmenting the FAZ area. These datasets come with
carefully labeled images that serve as a trusted
reference to check how accurate our model’s
predictions are. We tried out several deep learning
models, but Swin U-Net and TransUNet stood out as
the stars of the show. Their ability to understand both
fine details and the bigger picture gave them an edge,
especially when working on tricky, complex regions of
the retina. These models consistently outperformed the
more traditional approaches like U-Net, ResUNet, and
Attention U-Net, showing promising potential for real
world clinical use.

* Accuracy: The model showed strong overall
accuracy, correctly identifying both vessel and non
vessel pixels. While accuracy alone can be misleading
because most of the image is background, when
combined with other measures, it helped confirm that
the model works well.

* Precision: The model scored high on precision,
meaning that most of the pixels it labeled as vessels
were actually vessels. This is really important because
it helps avoid false alarms, which is crucial in a clinical
setting.

* Recall (Sensitivity): The model also had excellent
recall, meaning it caught a large number of true vessel
pixels — including the tiny, faint capillaries that
traditional methods often miss. This ability to detect
subtle microvascular changes is especially valuable for
spotting early signs of disease in OCTA images.

* F1 Score: The F1 score, which balances precision and
recall, remained consistently high across different
tests. This shows that the model is reliable and robust,
striking a good balance between avoiding false
positives and false negatives.

5.3 Qualitative Outcomes

When we visually checked the segmented results, they
matched really well with the manual annotations done
by experts. The system was able to accurately pick out
important features like the main retinal layers and
blood vessels, as well as the delicate networks of tiny
capillaries and the precise edges of the FAZ.

It even handled tricky areas with complex branching
and bifurcations, performing well despite challenges
like noise and low contrast in the images. Notably, the
Swin U-Net and TransUNet models stood out by
keeping the anatomical structures continuous and
clear, making them especially reliable for segmenting
both the retinal layers and the FAZ regions.

5.4 Visualization of Results

The final result from the models is a predicted mask
that highlights the key areas identified in the image—
basically showing which parts the model thinks are
important. To make this clear, the model’s output
(which is a range of probabilities) is turned into a
simple black-and-white mask: if the prediction is 0.5
or higher, it’s marked as 1 (highlighted); otherwise, it’s
0.

For easier understanding, these masks are usually
shown over the original OCTA images as overlays.
This way, doctors and researchers can visually
compare the predictions with actual ground truth data.
These clear visual outputs aren’t just helpful for
diagnosis—they’re also valuable for training, research,
and tracking how a disease progresses or responds to
treatment.
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5.6 Challenges and Learnings

* One of the main challenges we encountered was the
risk of losing fine vessel details— especially tiny
capillaries and intricate branching structures—during
steps like denoising and contrast enhancement. These
steps helped clean up the images but sometimes came
at the cost of subtle, yet important, visual cues

* Vessels that are very close together or overlap made
accurate segmentation particularly tricky.
Distinguishing one vessel from another in such tight
spaces required extra care and precision.

* While our approach significantly improved the
overall visibility of retinal vessels, there was always a
trade-off. Enhancing visibility could sometimes mean
sacrificing the smallest details, which are often critical
in medical diagnoses.

* The importance of using high-quality, well-annotated
datasets became clear early on. Without reliable
ground truth data, training and testing the models
effectively would have been nearly impossible.

* We also realized the need for models that can adapt
well to different types of OCT images. Variations in
image quality, lighting, and patient anatomy meant that
generalization was key.

* These findings underscore the continued need for
smarter, more adaptive segmentation algorithms—
ones that can balance clarity and precision more
effectively.

* To preserve valuable details while reducing noise, we
found that intelligent noise suppression techniques are
essential. They must clean up the image without
removing the very features we're trying to detect.

* Lastly, there’s a real opportunity to improve how
vessel structure is captured. More advanced
skeletonization methods could help better trace the
paths of vessels and their connections, giving
clinicians a clearer view of the retinal network.

6 CONCLUSION

Recall (sensitivity):
This project highlights the exciting potential of
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combining advanced image processing with deep
learning to improve the segmentation of retinal layers
and blood vessels in Optical Coherence Tomography
Angiography (OCTA) images. By using well
annotated datasets like ROSE-O for retinal layers and
the FAZ-Alzheimer’s Disease ImageMask Dataset for
the foveal avascular zone, it tackles important
challenges in early diagnosis of conditions such as
Alzheimer’s, multiple sclerosis, and glaucoma.

The system relies on cutting-edge transformer-based
models, specifically Swin U-Net and TransUNet,
which do a great job of capturing both the big picture
and the fine details. These models outperformed
traditional CNNSs by better preserving the tiny
microvascular structures that are crucial for accurate
segmentation.

Preprocessing steps like noise reduction,
normalization, and contrast enhancement helped
improve image clarity and boost model performance,
though sometimes the smallest vessel details were
slightly less visible. Still, the segmentation results
were strong, backed up by solid accuracy, precision,
recall, and F1 scores, and confirmed by comparing the
outputs visually with expert annotations. Swin U-Net,
in particular, showed great strength in accurately
segmenting both large vessels and delicate capillaries,
making it especially promising for clinical use where
precise vessel mapping matters.

That said, the project also uncovered challenges, such
as difficulty segmenting vessels that are very close
together or overlapping, and maintaining details in
areas with low contrast. These findings point to the
need for smarter algorithms that can adapt to varying
image quality. Future work could explore better noise
reduction techniques to keep those tiny but important
vessel features intact, as well as advanced post
processing like skeletonization to keep vessels
connected and continuous. Using 3D OCT/OCTA
volumetric data might also offer a deeper
understanding of the retina’s structure and how
diseases progress over time.

Overall, this work shows that transformer-based
models combined with effective preprocessing and
diverse datasets have the potential to significantly
improve OCTA image analysis. Their ability to run in
real-time clinical settings could pave the way for
earlier, more accurate diagnoses and ultimately better
outcomes for patients dealing with eye and
neurological diseases.
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