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Abstract—The human eye is a highly evolved sensory organ that gives us the ability to see and 
comprehend our environment. AMD, or age-related macular degeneration, is a serious retinal 
condition. Globally, AMD affected about 196 million people in 2020; by 2040, that figure is 
predicted to rise to 288 million. AMD primarily affects older people. As people age, the 
prevalence rises; approximately 11% of those 65 to 74 years old and approximately 27% of 
those 75 years and older are affected. About one-third of people with diabetes have diabetic 
macular edema (DME), a common consequence of diabetic retinopathy (DR) which is one more 
type of retinal disorder. DME affects over 21 million individuals globally. The early detection 
and monitoring of retinal illnesses such as AMD and DME have been considerably aided by 
advancements in imaging and diagnostic technologies. OCT reveals irregularities like fluid 
accumulation or aberrant blood vessels, which aids in the diagnosis of retinal disorders. Prior to 
beginning anti-VEGF medication, this imaging is used as a baseline to assess the disease's 
severity. Retinal problems can be better diagnosed and treated if real-time OCT analysis is 
combined with AI-driven tools and standardized processes. This will assist to alleviate some of 
these concerns. When it comes to segmentation and feature extraction, OCT (Optical Coherence 
Tomography) image analysis is much enhanced by the use of U-Net architecture. The topology 
of U-Net is ideal for accurately segmenting the retina's many layers. The training of U-Net to 
identify particular pathological characteristics in OCT images enables automatic and precise 
detection and tracking of retinal illnesses. 
 
Index Terms—first term, second term, third term, fourth term, fifth term and sixth term. 

I. INTRODUCTION 

In the field of ophthalmology, timely and precise identification of retinal disorders is essential to good patient 
care and treatment outcomes.  
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Manually segmenting retinal layers in Optical Coherence Tomography (OCT) images using traditional methods 
is time-consuming and prone to human error, which can cause delays and inconsistent results. An automatic 
segmentation system using the UNet deep learning model has been developed as a creative solution to these 
problems. By utilizing the UNet model's capabilities, the system is able to precisely identify and segment eight 
different retinal layers, which provides crucial information for the diagnosis and monitoring of retinal illnesses 
such age-related macular degeneration and diabetic macular edema. 

II. LITERATURE SURVEY 

The increased accessibility of imaging modalities with great resolution like Optical Coherence Tomography has 
fueled notable developments within the realm of medical image analysis, especially in retinal imaging [31], [32]. 
These developments have created a multitude of potential for bettering the identification and management of 
different retinal disorders. However, this development also brings several challenging issues, such as robust 
classification, precise segmentation, and picture denoising. Diabetes is a chronic condition that can lead to fluid 
accumulation and distortion of the retinal layer. Diabetes patients should have their retinal layer shape and fluid 
accumulation monitored as it may raise their risk of blindness [29]. Using Optical Coherence Tomography 
(OCT) images, a deep convolutional neural network (CNN) model was created to identify drusen, diabetic 
macular edema (DME), choroidal neovascularization (CNV), and normal instances [33]. Convolutional Neural 
Networks are typically constructed within a set budget and, if additional resources are available, scaled up for 
improved accuracy [34]. Evaluating CNN models' resilience to adversarial attacks is essential, particularly in the 
medical field. In other words, since diagnosis is the basis for critical decision-making, the security of these 
models is becoming increasingly important [35]. Aditya Tripathi et.al examines the creation of predictive OCT 
pictures of diabetic macular edema (DME) using GAN-based models [36]. Yoshiaki Yasuno presented an 
improvement on polarization-sensitive OCT, Jones-matrix optical coherency tomography (JMOCT) offers a 
variety of optical contrasts for clinical and biological materials [37]. Most invasive fluorescein angiography (FA) 
tests in ophthalmology may eventually be replaced by Optical Coherence Tomography Angiography (OCTA), a 
functional extension of OCT [38]. A rapidly moving item is used to illustrate imaging with the source in the 
work by Sacha Grelet et.al. They showed high-speed OCT at 1 μm wavelength in a structure that is not 
inherently bandwidth-constrained using A-scans taken of a moving object [39]. This literature review intends to 
investigate and consolidate the existing body of knowledge, methodologies, and cutting-edge approaches 
relevant to retinal image analysis in this context. This work aims to identify gaps in the present knowledge 
landscape and situate the study within this dynamic and evolving field by examining the most recent research 
findings and approaches. This study paves the path for the creative solutions that are suggested in this research 
by providing a thorough overview of the major contributions and trends in retinal image analysis. 

TABLE I. LITERATURE REVIEW 

SI. No Research Paper Methodology 

1.  Mohammad Rahil et.al., “A Deep Ensemble Learning-
Based CNN Architecture for Multiclass Retinal Fluid 
Segmentation in OCT Images” [1]. 

 Using the ensemble deep learning technique, three distinct retinal 
cysts were identified.  
 

2.  Niloofarsadat Mousavi et. al., “Cyst identification in 
retinal optical coherence tomography images using 
hidden Markov model” [2]. 

 The method uses a Hidden Markov Model (HMM) to assess B-
Scans and estimate the status of each patch depending on cyst 
presence to locate cysts in retinal OCT images. 

 Dataset used: Duke OCT Retinal Dataset, ODSC dataset 

3.  Xiaohui Li et al., “Self-training adversarial learning for 
cross-domain retinal OCT fluid Segmentation [3]. 

 A Self Training Adversarial Learning Framework (STAL) for 
cross-domain segmentation of retinal fluid OCT images.   

4.  Bilal Hassan et.al., “Deep learning based joint 
segmentation and characterization of multi-class retinal 
fluid lesions on OCT scans for clinical use in anti-
VEGF therapy” [4]. 

 Proposes an end-to-end deep learning-based network for accurate 
segmentation and characterization of multi-class retinal fluid 
lesions from OCT scans. 

5.  Ursula Schmidt-Erfurth et.al, “AI-based monitoring of 
retinal fluid in disease activity and under therapy” [5]. 

 Presents novel AI-based automated tools to accurately monitor 
the retinal fluid in exudative macular diseases, improving disease 
management and paving the way for personalized precision 
medicine in ophthalmology. 

6.  K. Alsaih et.al, “Deep learning architectures analysis for 
age-related macular degeneration segmentation on 
optical coherence tomography scans”[6]. 

 Compared four variants of DL models for three different retinal 
fluid segmentation 

 Datasets: RETOUCH challenge 
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7.  Khaled Alsaih et. al., “Retinal Fluid Segmentation 
Using Ensembled 2-Dimensionally and 2.5-
Dimensionally Deep Learning Networks” [10]. 

 Detects three forms of retinal fluids using an ensemble 
learning technique. 

 Datasets: RETOUCH, OPTIMA, DUKE 
8.  Mengchen Lin et al, “Review- Recent Advanced Deep 

Learning Architectures for Retinal Fluid 
Segmentation on Optical Coherence Tomography 
Images” [14]. 

 A complete survey of recent deep learning advancements in OCT 
images of retinal fluid segmentation, offering potential for 
accurate diagnosis, reduced manual workload, and improved 
clinical applications. 

9.  Xingxin He et. al., “Structure-Guided Cross-Attention 
Network for Cross-Domain OCT Fluid Segmentation” 
[15]. 

 An approach to solve the practical problem in fluid segmentation 
using Structure Guided Cross-Attention Network (SCAN), 
addressing the domain shift issue in OCT fluid segmentation 
across domains. 

10.  Bogunovi´c et al., “RETOUCH - The Retinal OCT 
Fluid Detection and Segmentation Benchmark and 
Challenge” [16]. 

 The study hosted the RETOUCH challenge, which centered on 
detecting fluid and segmenting OCT images, with a specific 
focus on the three retinal fluid types.  

11.  Xing Wei and Ruifang Sui et.al., “Review - A Review 
of Machine Learning Algorithms for Retinal Cyst 
Segmentation on Optical Coherence Tomography” [26]. 

 Provides a comprehensive review of state-of-the-art algorithms 
for OCT fluid/ cyst segmentation, emphasizing the importance of 
the ML techniques.  

12.  Reza Rasti et. al., “RetiFluidNet: A Self-Adaptive and 
Multi-Attention Deep Convolutional Network for 
Retinal OCT Fluid Segmentation” [28]. 

 RetiFluidNet is a novel convolutional neural network architecture 
proposed to automate the segmentation of the fluid of the retina 
in OCT scans.  

13.  K. Alsaih et.al., “Retinal Fluids Segmentation Using 
Volumetric 
Deep Neural Networks on Optical Coherence 
Tomography Scans”  [40]. 

 A new method for retinal fluid segmentation that 
utilizes volumetric deep neural networks (DNNs) and 
incorporates contextual information from surrounding voxels in 
OCT scans.  

14.  R. Vamshi Teja et.al., “Classification and 
Quantification of Retinal Cysts in OCT B-Scans: 
Efficacy of Machine Learning Methods”[41]. 

 The paper introduces an end-to-end ML technique for automatic 
detection and fluid quantification in B-scans of OCT. It employs 
random forest for the detection of fluid and DeepLab for 
segmentation, with potential clinical application 

15.  Narendra Rao T J et. al., “Deep Learning Based Sub-
Retinal Fluid Segmentation in Central Serous 
Chorioretinopathy Optical Coherence Tomography 
Scans”[42]. 

 FCN enables self-regulating segmentation of subretinal fluid in 
CSC (central serous chorioretinopathy) patients' OCT scans. 

16.  GN Girish et.al., “A benchmark study of automated 
intra-retinal cyst segmentation algorithms using optical 
coherence tomography B-scans” [43]. 

 A comparative assessment of self-regulating segmentation of cyst 
in intra-retina cyst on OCT B-scans, highlighting the impact of 
variability factors.  

17.  G N Girish et.al., “Segmentation of Intra-Retinal Cysts 
from Optical Coherence Tomography Images using a 
Fully Convolutional Neural Network Model” [44]. 

 The paper introduces a vendor-independent fully CNN for intra-
retinal OCT image cyst segmentation, addressing imaging 
variabilities and achieving better outcomes than the existing 
methods.  

18.  Ruwan Tennakoon et.al., Retinal Fluid Segmentation in 
Oct Images Using Adversarial Loss-Based 

Convolutional Neural Networks [45] 

 The technique is built on a deep neural network that was trained 
using a mixed cost function that included dice, adversarial loss 
terms, and cross-entropy. The network is made up of encoding 
and decoding blocks connected by skip-connections. 

III. PROBLEM STATEMENT 

Current methods of segmenting retinal layers in Optical Coherence Tomography (OCT) images are manual, 
time-consuming, and prone to human error.  
Accurate and efficient segmentation is critical for diagnosing and monitoring retinal diseases. Therefore, we 
propose an automated segmentation solution using a UNet model to streamline the process, enhance accuracy, 
and assist ophthalmologists in delivering better patient care. 

IV. METHODOLOGY 

To accomplish precise retinal layer segmentation, this study combines deep learning and computer vision 
approaches. There are three primary components to the methodology as shown in Figure1. 

A. Image Preprocessing 

OCT images are preprocessed to 640x640 pixels and have their pixel values normalized to the [0, 1] range in 
order to improve quality and optimize model performance. Rotation, flipping, and zooming are instance of data 
augmentation techniques that are used to increase the variety of the training data and strengthen the robustness of 
the model.  
The model is able to learn more broadly applicable features due to these preprocessing operations, which also 
guarantee consistency and improve the effectiveness of the neural network training process. 
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B. Convolutional Neural Network (CNN) for Layer Segmentation 

A Convolutional Neural Network (CNN) built on the UNet architecture and especially intended for medical 
picture segmentation is used by the segmentation system. With its encoder-decoder structure with skip 
connections, this model captures both high-level and low-level data, making accurate retinal layer segmentation 
possible. A sequence of convolutional and pooling layers are used by the encoder to extract features, while the 
decoder reconstructs the image to highlight segmented areas. To classify each pixel into one of the eight retinal 
layers, the output layer uses a softmax activation function. This allows for accurate boundary demarcation of 
each layer and efficient feature extraction. 

C. Training 

The Adam optimizer and categorical cross-entropy loss function are used to optimize the model once it has been 
trained on a dataset. To reduce the loss during training, the data is split up into mini-batches and iterated over 
them across a number of epochs. By keeping an eye on the validation loss and terminating training if there is no 
improvement after a set number of epochs, early stopping is used to prevent overfitting. 

 
Figure 1: General Block Diagram of The Proposed Methodology 

V. RESULTS AND DISCUSSION 

The retinal layer segmentation model was trained and assessed using datasets from the University of Waterloo's 
OCT Image Database (OCTID). The training dataset, which was specially selected for the purpose of training the 
model, consists of 10,000 OCT scan images from 25 healthy patients. Grayscale 750x500 pixel photos with 
layers including NFL, GCL+IPL, INL, OPL, ONL, Ellipsoid zone, RPE, and Choroid are all included. Using the 
makesense.ai program, the photos were manually segmented, and medical professionals meticulously labeled 
each layer. The dataset contains differences in illumination, contrast, and patient demographics to guarantee 
model robustness. This extensive training set enables efficient acquisition of retinal layers linked to various 
structures, offering a solid basis for the model's good generalization to fresh data. 
The testing dataset, set reserved for model assessment, is made up of 2,000 OCT scan pictures from 10 distinct 
patients. These grayscale, 750x500 pixel images have the same format as the training set and contain the same 
retinal layers. To guarantee an objective assessment, the training set and the testing dataset are completely 
different. It has the same differences in patient demographics, lighting, and contrast as the training set. This 
testing set offers a way to evaluate the model's performance in real-world scenarios and its capacity for 
generalization. Since both datasets come from the same source, the labeling process and image quality are 
guaranteed to be consistent. In machine learning, it is common practice to divide training and testing into distinct 
phases, which offers a good balance between model learning and evaluation. 
The experimental results of the retinal layer segmentation model using the Streamlit app are presented. The app 
enables users to upload OCT images, view the uploaded images, and observe the segmentation results. Through 
the application interface, users can upload their OCT images. The application supports JPEG and PNG file types 
and shows the uploaded image for verification right away (Figure 2). The app extracts and displays various 
parameters of the uploaded image, such as image dimensions and file size. These parameters help ensure that the 
image meets the requirements for segmentation processing as shown in Figure 3. After uploading, the app 
processes the OCT image through the trained CNN model to generate a segmented image. The segmented image 
highlights the different retinal layers, providing a clear visualization of the structures as in Figure 4. The app also 
generates a masked version of the input image, where the segmented layers are overlaid on the original OCT 
image. This helps in visualizing how the segmentation aligns with the actual retinal structures (Figure 5). Finally, 
the segmented output image is displayed, providing a detailed view of the segmented retinal layers. The output 
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image clearly delineates each retinal layer, allowing for precise analysis (Figure 6). The outcomes show how 
well the CNN model can distinguish between different retinal layers in OCT images. The uploaded picture 
parameters verify that the program can handle the common sizes and formats of OCT images. Clear 
visualization, which is necessary for medical analysis and diagnosis, is provided by the segmented images. The 
combination of the segmented output image and the masked input image provides a thorough perspective of the 
retinal structures, confirming the effectiveness of the model and the app's practicality in everyday situations. 

III. CONCLUSIONS 

Retinal analysis has become more accurate and efficient with the use of an automated UNet deep learning model 
for segmenting the retinal layers in OCT images. This project improves medical practitioners' workload by 
providing a user-friendly Streamlit application that aids in early disease diagnosis. In order to increase diagnostic 
accuracy, future work will concentrate on creating a CNN model for accurate analysis of damaged regions. The 
application will be further improved by real-time segmentation, comprehensive analytics, and customizable 
features. Clinical acceptability and the transformation of eye healthcare practices will depend on working 
together with medical institutions for validation. 

   
Figure 2: Upload Original Oct Image  

   
Figure 3: Parameter of the Image    Figure 4: Segmented Image 

   
      Figure 5: Masked Input Image     Figure 6: Segmented Output Image 
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