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Abstract

Early detection of vascular neurodegenerative diseases relies on
precise segmentation of retinal vessels in Optical Coherence
Tomography Angiography (OCTA) images. However, complex vascular
structures, low-contrast micro-vessels, and overlapping vessel types
pose significant challenges to conventional segmentation methods.
This study proposes a deep learning architecture named CGOctaNet
that combines convolutional neural networks (CNNs) with a
transformer-based global context modeling framework for robust
OCTA vessel segmentation. The model employs a U-Net-like encoder-
decoder structure integrated with three modules: (i) a Shallow Feature
Extraction Module (SFEM) to preserve vessel boundaries; (ii) a multi-
scale convolution encoder for local geometric feature learning; and (iii)
a Transformer bottleneck that captures long-range dependencies and
inter-vessel relationships for enhanced structural consistency. The
Transformer bottleneck enables awareness of global context by
learning the spatial relationships between remote areas of the vessels,
thereby complementing the small receptive field of CNNs and
enhancing segmentation continuity in the presence of noise. This
hybrid design achieves better generalization and fine-grained
segmentation accuracy than CNN-only models in the past. Experiments
on OCTA-500 and ROSE benchmark datasets demonstrate that
CGOctaNet outperforms state-of-the-art methods, achieving Dice
scores of 93.50%, 90.25%, and 89.50% on OCTA-3M, OCTA-6M, and
ROSE datasets, respectively. The improvements are attributed to
effective integration of local and global contextual cues, adaptive
attention refinement, and balanced optimization through hybrid Dice-
Cross Entropy loss.

1. Introduction

Dementia is a rapidly growing global health challenge, affecting over 55 million people worldwide and adding
around 10 million new cases each year [1, 2]. The condition progressively deteriorates cognitive abilities, leading
to loss of independence and imposing high economic costs, which are projected to exceed USD 2.8 trillion by 2030
[2, 3]. Although several diagnostic modalities exist, such as cerebrospinal fluid (CSF) analysis, magnetic resonance
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imaging (MRI), blood-based biomarkers, and genetic testing [4], their invasiveness, high cost, and time
requirements limit their use for early and large-scale screening [5]. This has created a demand for non-invasive,
rapid, and scalable biomarkers capable of detecting preclinical changes in neurodegenerative disorders like
Alzheimer’s Disease (AD) and Mild Cognitive Impairment (MCI).

Because of its shared embryological origin with the brain, the retina is increasingly regarded as a window to
the brain [6], [7]. Several studies have demonstrated the accumulation of amyloid-beta and tau proteins in the
retinal layers of AD patients, mirroring the neuropathological features of the brain [8]. These findings establish
retinal imaging as a promising biomarker for early detection of AD.

Recent advances in Optical Coherence Tomography (OCT) and Optical Coherence Tomography Angiography
(OCTA) have enabled detailed visualization of the retinal microvasculature, providing insight into vascular
alterations associated with neurodegenerative disorders. OCT offers high-resolution, depth-resolved imaging of
retinal layers [9], while OCTA provides volumetric angiographic information without contrast dyes. It allows
precise mapping of the Superficial Vascular Plexus (SVP) and Deep Vascular Plexus (DVP), facilitating quantitative
analysis of microvascular impairment linked to AD [10, 11]. Accurate segmentation of OCTA images is thus
essential for isolating anatomical and pathological regions, including the Foveal Avascular Zone (FAZ), which
serve as biomarkers for early-stage cognitive decline [12, 13].

Traditional rule-based methods, such as thresholding, edge detection, and active contour models, have shown
limited success, performing well only on high-contrast images while failing under noise, motion artefacts, and
inter-patient variability [14]. These methods also struggle to generalize across imaging devices and require
extensive manual parameter tuning. To overcome these challenges, deep learning-based approaches using
Convolutional Neural Networks (CNNs) have been widely adopted for OCTA segmentation tasks [15].
Architectures like U-Net, U-Net++, and Attention U-Net have achieved promising results by learning hierarchical
representations directly from raw data. However, their reliance on local receptive fields restricts their ability to
capture long-range dependencies and maintain topological vessel continuity - key factors in accurate
microvascular analysis.

In order to improve contextual learning at a global scale, newly Transformer-based networks, as well as CNN-
Transformer hybrids, have been considered. These models are better at focusing on clinically relevant areas, but
they can be computationally intensive and lack scalability to small datasets typical of medical imaging. Moreover,
the problem of an imbalanced dataset, scanner variability, and minor variability in vascular differences among the
patients continues to impede the applicability of models.

Thus, the present research proposes a new hybrid deep learning model, referred to as CGOctaNet, which is a
multi-scale convolutional encoder with a Transformer bottleneck that successfully encodes local textures and
global dependencies. The suggested approach enhances the integrity of vessel boundaries, the thin capillary
connectivity, and the uniformity of performance for segmentation in low-contrast and noisy settings. The solution
offers a powerful and generalizable methodology for early detection of neurodegenerative disorders using OCTA
imaging.

2. Literature Review

Optical Coherence Tomography Angiography (OCTA) has emerged as a powerful non-invasive imaging modality
for visualizing the retinal microvasculature and diagnosing vascular and neurodegenerative diseases such as
diabetic retinopathy, glaucoma, and Alzheimer’s Disease (AD). However, accurate vessel segmentation in OCTA
images remains challenging due to inherent noise, varying image quality, and the complex multi-scale nature of
retinal vasculature.

Recent developments in deep learning have shifted segmentation research from traditional rule-based
techniques to data-driven architectures capable of learning hierarchical and contextual representations. Wang et
al. [16] proposed SAM-OCTA, a fine-tuned version of the Segment Anything Model (SAM) using Low-Rank
Adaptation (LoRA), achieving high segmentation accuracy and highlighting the adaptability of foundation models
for biomedical imaging. Sedighin et al. [17] employed low-rank tensor ring decomposition to improve FAZ
segmentation and morphological consistency. Zou et al. [18] developed OCTAMamba, a U-shaped neural
architecture integrating multi-scale dilated convolutions and feature recalibration modules for efficient vessel
modeling,

To mitigate the scarcity of labeled OCTA datasets, Wittmann et al. [19] introduced a simulation-based
segmentation framework generating realistic 3D synthetic data with projection artefacts and signal loss, enabling
annotation-free training. Shen et al. [20] presented HAIC-Net, a semi-supervised method combining self-
supervised classification with dual consistency training, which preserved vascular topology while reducing
annotation cost. Similarly, Zhang et al. [21] designed LA-Net, applying layer and boundary attention for enhanced
vessel delineation in volumetric OCTA data. Jiang et al. [22] improved the SegNet backbone using deformable
convolutions and Convolutional Block Attention Modules (CBAM) to ensure vessel continuity and smoother
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boundaries. Li et al. [23] proposed a direction-guided network that leveraged vessel orientation information to
maintain topological consistency in fine vascular structures.

Even with these developments, there are a number of serious concerns. The majority of current models are
scanner-specific and cannot easily be applied to new scanners and pathological settings. The transformer-based
architectures, being efficient, are usually resource-intensive and require large amounts of annotated data, which
constrains their scalability. By contrast, CNN-based networks retrieve primarily local spatial data, which results
in discontinuous vessel prediction in high-capillary-density or low-contrast areas. In addition, manual annotation
remains manual, limiting data diversity and affecting reproducibility. Such limitations underscore the need for a
lightweight, context-aware hybrid model that can effectively combine local detail preservation and global
dependency learning.

To fill these gaps, this paper introduces CGOctaNet, a hybrid deep learning model that integrates both multi-
scale convolutional encoding of local spatial detail and a Transformer bottleneck for reasoning over global
information. This model allows the local texture of vessels and long-range inter-vessel relations to be represented
in the design, thereby achieving topological consistency and better segmentation accuracy. Also, the decoder is
equipped with Convolutional Block Attention Modules (CBAM), which enable it to refine features and suppress
background noise.

The proposed CGOctaNet is more balanced in performance than the latest models like SAM-OCTA,
OCTAMamba, and HAIC-Net in providing segmentation accuracy and computational efficiency. It has a multi-scale,
attention-guided design that provides strong generalization across datasets and imaging conditions, making
CGOctaNet a scientifically supported and effective system for reliable OCTA vessel segmentation and early
neurodegenerative disease detection.

3. Proposed Model

This section presents a detailed discussion of the proposed CGOctaNet, a deep learning framework for high-
precision segmentation of OCTA images. The CGOctaNet model focuses on capturing both local and global
contextual features by integrating convolution encoders. Moreover, it incorporates the Convolutional Block
Attention Module (CBAM) and the Transformer Block in the bottleneck to enhance these details. UNet inspires the
overall architecture, and it follows a symmetric encoder-decoder topology with skip connections, enabling
effective fusion of hierarchical features.

3.1 Architectural Overview

The proposed CGOctaNet model adopts a Unet-like framework with three main components, including (a) an
encoder module for capturing the multi-scale local feature, (b) a Transformer bottleneck for long-range
dependency modelling, and (c) a decoder module that is equipped with the CBAM attention modules to
reconstruct the precise segmentation mask. The encoder module consists of a double convolution block and a
MaxPooling layer. The transformer bottleneck module helps capture long-range dependencies and encode global
contextual relations across different regions of the feature map. Similarly, the decoder module mirrors the
encoder with upsampling layers. At each decoding stage, features from the corresponding encoder level are
concatenated via skip connections, enabling the recovery of spatial details.

In OCTA images, blood vessels may span large spatial regions, and capturing these connections helps
understand vessel continuity and shape at a broader level. Similarly, the contextual information refers to the
semantic information between parts of the image. The contextual information helps to differentiate between
similar-looking structures based on their appearance. Figure 1 illustrates the complete CGOctaNet architecture,
depicting the flow of information between the encoder, Transformer bottleneck, and decoder with CBAM
refinement.
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Fig. 1 Complete architecture of the CGOctaNet model

The Transformer bottleneck is an important element that helps capture non-local interactions between
distant vessel regions, which CNNs alone cannot effectively model due to their limited receptive fields. This design
enables CGOctaNet to maintain global vascular continuity and reduce segmentation discontinuities prevalent in
microvascular regions. According to this process, shallow feature extraction is the initial stage of the proposed
model, in which different features are extracted. The encoder module uses 4 encoders to encode the data. These
encoded features are processed through the bottleneck module, which helps to obtain the long-range
dependencies. Furthermore, the decoder module performs reconstruction by processing the data through 4
sophisticated decoder modules. The outcome of the final decoder block produces the segmentation mask.

3.2 Problem Statement
Let us consider that the retinal OCTA image domain is denoted as () € R? and each image is represented by an
intensity function as given in eq. (1)

I:Q-R (D

The goal of segmentation is to learn the mapping ¥, which assigns each pixel x € Q a corresponding label
vy €{0,1,2, ..., C — 1} where is the number of vessel classes (e.g., artery, vein, capillary, background, etc.). Below
given eq. (2) describes this expression as:

Fo:1(x) - 5(2) (2)
The segmentation task is modeled as a pixel-wise classification problem, as expressed in eq. (3):

y(x) = argmax?,.(x),V cq (3)
c

During the training process, the main aim of this model is to minimize the loss function £ which is a
combination of cross-entropy and dice loss.

3.3 CGOctaNet Architecture

A. Shallow feature extraction

To enhance low-level vessel boundary preservation, we introduce a Shallow Feature Extraction Module (SFEM)
at the input stage of the proposed CGOctaNet architecture. This module consists of a sequence of 2D convolutional
layers with small receptive fields (3x3 kernels) followed by Batch normalization and ReLU activation. This block
helps capture edge features, vessel contours, and intensity gradients, which are crucial for enhancing
microvascular detail in retinal OCTA images. Below given eq. (4) presents the expression of the SFEM block as :

Fo = p(BN(W, * p(BN(W, * I + by)) + b)) (4
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where I is the input OCTA image, W, W, € RE1%3%3 are the convolution weight tensors, b,, b, are the learnable

biases, ¢(.) is the ReLU non-linearity, and BN is the batch normalization. Figure 2 shows the feature extraction
block.

Skip Connection
SFEM_BIDC]('__ ----------- ""‘—‘,__
Input ~=—— - Conv 3x3 ——=| Conv 3x3 JRR! Output
N —
A
BatchNorm BatchNorm
|
A
ReL.U — ReL.ll

Fig. 2 Feature extraction block

The obtained output feature map F, € REH*W s then forwarded to the encoder stage. The SFEM ensures
the enhancement of thin vessel structure and location contrast variation before proceeding to high-level abstracts

in the encoder phase. Table 1 shows the shallow feature-extraction block for OCTA images.

Table 1 Shallow feature extraction block for OCTA images

Layer Type Parameters Output Shape Purpose
Input - 1 xHxW Raw grayscale OCTA image
Conv2D-1 3x3, stride=1, pad=1, CxHxW Capture vessel edges and gradients
out_channels=C
BatchNorm2D-1 - CxHxW Normalize activation
ReLU-1 - CxHxW Introduce non-linearity
Conv2D-2 3x3, stride=1, pad=1, CxHxW Extract local texture and microvascular
out_channels=C details
BatchNorm2D-2 - Cx HxW Improve feature stability
ReLU-2 - Cx HxW Final shallow feature representation

B. Encoder Module

This section presents a detailed description of the proposed encoder module. As discussed before, each encoder
block consists of two sequential convolutional layers with a kernel size of 3x3, followed by batch normalization
and ReLU activation. A max-pooling layer with a stride of 2 is applied after each block to downsample the feature
maps. These blocks effectively capture edge-level, texture-level, and shape-level information from OCTA images.
The output of the shallow feature block is presented as eq. (5):

Fg € ]RCOXHXW (5)

where C, is the number of channels, and HxW is the spatial resolution of the input OCTA image.

The encoder module consists of several encoder stages, where each encoder stage E; comprises a Double
Convolution Block, which is a stack of two consecutive 2D convolutional layers with ReLU activation and Batch
Normalization. It can be represented as eq. (6):

F = ConVBIOCk(Fi—l) = ¢(BN(Wi2 * (p(BN(Wy * Fi_q + bil)) + b)) (6)

where W, W, € RE*Ci133 represents the convolution weights, b;;, b;, represents the corresponding biases.
this block helps to enhance the spatial locality while enabling the deeper feature extraction. Thus, it becomes
important to distinguish capillaries from background noise.

Further, the module incorporates Max Pooling after the double convolution block, where a 2x2 Max Pooling
layer down-samples the spatial dimensions by a factor of 2. This operation is expressed as eq. (7):

) Lo ™)
F}{ = MaxPool(F,),where F; e R""2 2
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This progressively reduces the resolution while increasing the receptive field, which is essential for
identifying large vessel structures and establishing spatial continuity in wide-field-of-view OCTA scans. The
encoder path consists of N such stages (e.g., N=4). The output feature map of this stage is presented as eq. (8)
where different features are combined at each level as follows:

{F,F,y ...,Fy} (8)

Where F, corresponds to shallow features, and F is the deepest and most abstract representation fed into the

Transformer bottleneck. Each encoder output F; is also skip-connected to the corresponding decoder layer D; to
facilitate feature fusion and spatial detail preservation during reconstruction. The following Figure 3 depicts the
overall architecture of the encoder module.

frip=le.

Conv2D :| ReLU

BN Feature

map
- MaxPool2D

Fig. 3 Encoder module (single Block)

C. Transformer Bottleneck Module

This section presents a detailed discussion of the proposed transformer-based bottleneck module. This
transformer bottleneck design is based on the vision transformer paradigm (ViT), in which multi-head attention
helps the model focus on both global and local parts of vessels simultaneously. This context aggregation through
attention enhances the differentiation of overlapping vessel structures, thin capillaries, and low-intensity capillary
segments of microvessels, which traditional CNNs fail to detect. The proposed bottleneck is positioned between
the proposed encoder and decoder modules. Unlike traditional bottlenecks, which rely solely on convolutional
modules, the proposed module focuses on capturing long-range dependencies and contextual information, which
are crucial for identifying fine vessel branches and capillaries amid overlapping vascular artifacts and background
noise.

The proposed bottleneck module consists of flattening with positional encoding, transformer encoder layers,
and feed-forward ML blocks. Let the F), € ROH*W represents the output feature map obtained from the final
encoder stage. This feature map is flattened to form a sequence of tokens, making it suitable for transformer
processing. The flattening process is expressed in eq. (9):

X, = Flatten(F,) € RH#WIxC (9)

In order to retain the spatial structure that is lost during the flattening process, we incorporated a 2D
sinusoidal positional encoding P € R#")*C are added to input tokens, which is expressed in eq. (10).

Zy=Xy+P (10)
This process ensures spatial correspondence that is important for reconstructing vessel continuity across
wide-field angiographic frames. Further, we stack L transformer encoder blocks, which comprise Multi-Head Self-
Attention (MHSA) and Feedforward Network (FFN) layers. This is further augmented by layer normalization and
residual connections. Eq. (11) and (12) can be referred to obtain the multi-head self-attention of I** block as:

Q= Zl—leﬂK =Z Wi,V =2_,W, (11)

MHSA(Z,_,) = Concat(head,, ..., head, )W, (12)
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KT
Where each head computes head; = Softmax (%) V;Later, Add and Normalization are performed on it as
k
follows:
7, = LayerNorm (Z,_, + MHSA(Z,_,)) (13)

The feed-forward MLP block can be represented with the help of eq. (14) and eq. (15):
FFN(Z]) = a(Z]W; + b )W, + b, (14)
Z, = LayerNorm(Z, + FFN(Z,) (15)
Where W, € RE*47, w, € R%7*¢ and o represents the activation function. This module helps spatial tokens to
consider all other tokens, and thus it models the non-local interaction across distant relevant regions in the retinal
scan. After the final Transformer block, we reshape the output tokens back into the original 2D feature format as
givenineq. (16):
F; = Reshape(Z,) € R“"W (16)
This transformation helps to integrate both local and global context. The local contextual information is
obtained with the help of convolutions, and global information is obtained by a self-attention mechanism. The
final outcome of this block is obtained by fusing the deepest encoder attribute through residual merging as eq
(17):
Fr=AF,+(1-2).F, (17)

Where 2 € [0,1].
The following Figure 4 depicts the overall architecture of this block

MHSA + LayerNorm +

Encoder Output —>»Flatten——> Positional Embedding—>» : .
Residual Connection

Output

Fig. 4 Bottleneck module

D. Decoder module

This section presents a detailed overview of the proposed decoder module for OCTA image segmentation. It is
used to reconstruct the high-resolution OCTA segmentation mask from attributes derived from compressed
transformer-enhanced features. During this process of reconstruction, it performs progressive upsampling and
integrates encoder skip features via concatenation. Each stage uses CBAM to improve the feature representation,
followed by a convolutional refinement block. The main aim of this block is to recover the spatial structure and
preserve boundary and edge information to improve retinal vessel segmentation. CBAM inclusion enhances the
network's attentiveness to areas of interest and avoids background noise, particularly towards images with
unbalanced brightness or motion artefacts. This process improves the structural preservation and the accuracy in
segmentation of thin vessel boundaries.

Let F,, F3, F,, F, € RE™H*Wi represents the hierarchical encoder outputs obtained from the deepest to
shallowest levels and T € R¢+*"+*Ws represents the output processed by the transformer bottleneck. The decoder
comprises four upsampling blocks, where each block performs the following operations:

1. Upsampling: this operation is performed using bilinear interpolation followed by a 1x1 convolution to

increase spatial resolution and reduce channel dimension.

2. SKkip Connection Fusion: Concatenating the up-sampled feature map with the corresponding encoder

feature map F;.

3. CBAM Attention: Applying CBAM [1] to refine the concatenated feature map via channel and spatial

attention.

4. Double Convolution: Using two consecutive 3x3 convolutions with ReLU and batch normalization to

enhance semantic richness.

Penerbit
UTHM



J. of Soft Computing and Data Mining Vol. 6 No. 3 (2025) p. 387-402 394

Each decoder block operation can be expressed using the eq. (18-21):

T, = Upsample(T,,,) € REHWi (18)
C; = Concat(T, F,) € RE*H>Wi (19)
A, = cBAM(C)) (20)

U, = Convs,, (BN (ReLU(Conv3x3(Ai)))) (21)

Where CBAM comprises channel and spatial attention, Conv, ReLU, and BN refer to convolution, activation, and
batch normalization, respectively. The channel attention and spatial attention mechanism are expressed by using
eq. (22) and eq. (23):
M. (F) = oc(MLP(AvgPool(F)) + MLP(MaxPool(F))) (22)
MS(F) = U(Conv7x7([Angool(F); MaxPool(F)])) (23)
With the help of these two relations, the refined feature can be expressed as eq. (24):
F = M.(F).F,F" = Ms(F'").F' (24)

The output of the last decoder module U; € RE1*P*W s passed through a 1 x 1 convolution to reduce the

channel dimension to the number of classes, followed by a sigmoid activation function. This can be expressed as
eq. (25):

Y = o(Conv,, 1 (U,)) € REXHXW (25)

This provides the final outcome as a segmentation map Y, with each pixel assigned to a probability for each
vessel class, as shown in Figure 5.

En(x)dear output N Spatial
Output of ) Upsample Concatenated Conv,BN+ReLU Output
Bottleneck +Conv features
h 4
Skip Connection —>»  Channel
Attention
Module

Fig. 5 Decoder block module (single unit)

Despite CGOctaNet's better performance compared to the state-of-the-art, several challenges remain. The
model can be mildly sensitive to extreme artefacts of illumination or severe motion noise when acquiring OCTA.
Moreover, the Transformer bottleneck itself has moderate memory needs of the graphics card, which may restrict
its use on low-resource devices. Its efficiency and adaptability for large-scale clinical implementations can be
further optimized in the future through lightweight transformer variants and domain adaptation methods.

4. Results and Discussion

This section presents detailed results for the CGOctaNet approach and compares its performance with that of
state-of-the-art segmentation methods. First, we describe the experimental setup, then present the dataset details
and performance measurement parameters. In the next subsection, the outcome of the proposed CGOctaNet
model is presented, including qualitative and quantitative analyses. The obtained performance is then compared
with the existing methods.
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4.1 Experimental Setup

The proposed experiments are carried out on a workstation with Windows 10 operating system with the following
specifications: Intel(R) Core (TM) i7 processor, 16 GB RAM, and NVIDIA GeForce RTX 2030 GPU with 8 GB of
memory. This workstation was used to develop and evaluate the proposed OCTA vessel segmentation model. The
complete programming is done in Python 3.8, using frameworks such as PyTorch and CUDA acceleration to train
and run the model efficiently.

The model structure is based on a U-Net-like encoder-decoder, followed by a Transformer bottleneck module
and Convolutional Block Attention Modules (CBAM) in the decoder branch. In the encoder block, features at four
levels are extracted in a multi-scale fashion and processed through long-range dependencies in the transformer
module to refine and progressively up-sample the features in the decoder block.

To conduct experiments, the OCTA-500 and ROSE datasets have been employed, with images and their
corresponding ground truth provided. Input images and masks were standardised in size to 512x512 pixels before
processing through the proposed architecture. To improve generalization, image normalization and augmentation
methods, including horizontal/vertical flips, brightness adjustments, and rotation, were employed using the
Albumentations library. Adam optimizer with a starting learning rate of 10~* was used to train the model, and a
combined Binary Cross-Entropy (BCE) and Dice Loss objective was employed to mitigate class imbalance and
improve segmentation accuracy. The training was implemented with a batch size of 4 and a learning rate decayed
using a cosine annealing scheduler. The model was trained for up to 100 epochs, and early stopping based on the
validation Dice coefficient was used to prevent overfitting.

4.2 Dataset Details

The OCTA-500 dataset provides a comprehensive, publicly accessible collection of 500 volumetric retinal optical
coherence tomography (OCTA) images, encompassing both healthy and diseased subsets. By including manually
annotated vessel segmentation masks alongside en-face projections, this dataset establishes a foundation for
validating vessel extraction methods and investigating microvascular characteristics. Consequently, it enables the
comparison of vascular structures, precise boundary definition, and the derivation of quantitative biomarkers
associated with retinal pathologies. In addition, the ROSE dataset (Retinal OCTA Segmentation) serves as a widely
adopted benchmark, featuring a diverse range of OCTA images captured at various fields of view, including 2x2
mm, 3x3 mm, and 6x6 mm. This dataset is accompanied by expert-annotated binary vessel masks and Foveal
Avascular Zone (FAZ) identifiers, facilitating the development and evaluation of segmentation algorithms.
Notably, the ROSE datasets are particularly valuable for assessing the generalizability of segmentation
performance across different image dimensions and disease states, thereby supporting the creation of more
robust and adaptable analytical tools.

4.3 Performance Measurement Parameters

The CGOctaNet architecture performs segmentation on retinal OCTA images. Thus, the performance of this work
is measured in terms of the Dice score and the loU score.

Dice score is a widely used parameter to assess the performance of segmentation models. It measures the
similarity between the predicted segmentation mask and the ground truth mask. The Dice score can be expressed
as:

Dice = 2 * & (26)
X1+ Y]

IoU, or Intersection over Union, also known as the Jaccard index or Jaccard similarity coefficient, is a widely
used metric in computer vision for evaluating the performance of tasks such as object detection and image
segmentation. It quantifies the degree of overlap between a predicted region and the ground truth region. It can
be computed as:

_lxny| (27)

Similarly, we incorporate specificity, precision, and F1-score parameters to demonstrate the pixel-level accuracy
of the proposed model. With the help of eq. (28-30), these parameters can be computed as:

TN (28)

Spe = TN FP
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. TP (29)
Precision = TP T FP
2 * Precision. Recall
F1Score = (30)

Precision + Recall

The specificity shows the model’s accuracy to identify the background pixel correctly, precision refers to how
many predicted vessel pixels are actually correct, and the F1 score provides a harmonic mean of precision and
recall

4.4 Outcome of Proposed Approach

This segment presents the outcome of the CGOctaNet approach and its comparative analysis with state-of-the-art
models. According to the CGOctaNet architecture, the first block is a shallow feature-extraction block that uses a
combination of convolutional layers to extract the initial feature set. The obtained feature map using this block is
depicted in Figure 6. For simplicity of feature representation, we have shown 8 different feature maps from the
SFEM block.

Fig. 6 Outcome of shallow feature extraction block
In the next stage, the encoder module is applied, using a different layer combination to extract deep features

from the input image. The following figure depicts the output of each stage of the encoder. These encoder blocks
progressively reduce the resolution and extract deep features, as shown in Figure 7.
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g . '\ Al ; Py

F4_C6

The final features of the encoder block before processing through the bottleneck are depicted in the figure
below, which is later used by the bottleneck modules. Figure 8 shows the final feature of the encoder block before
the bottleneck.

Fig. 7 Outcome of encoder stages

Encoder Block 1 Encoder Block 2 Encoder Block 3 Encoder Block 4

Fig. 8 Final feature of the encoder block before the bottleneck

Furthermore, a Transformer bottleneck layer is employed, consisting of an MHSA and an FFN layer. This stage
helps to enhance the global feature representation. Moreover, the proposed module focuses on capturing long-
range dependencies and contextual information, which helps improve overall segmentation performance. Figure
9 below depicts the outcome of the proposed transformer bottleneck layer.

I

Fig. 9 Bottleneck output
Finally, the decoder block focuses on reconstructing the segmentation mask by performing progressive Up-

sampling and concatenating features from the encoder block. Figure 10 below depicts the decoder's output for the
vessel and capillary image segmentation tasks.
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Fig. 10 Decoder stage output

Based on the outcome of CGOctaNet, the final segmentation of different classes is obtained and depicted in
Figure 11 below, where the first row of the figure demonstrates the segmented mask of the large vessel class, the
second row depicts the FAZ segmentation, and the third row shows the output of the capillary segmentation class.
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Fig. 11 Qualitative segmentation performance of the CGOctaNet model
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The qualitative analysis reported the promising performance of the CGOctaNet approach for different classes.
Further, we present a quantitative performance analysis in which the parameters above measure the proposed
model's performance, and we compare it with existing methods. Tables 2 and 3 below present a comparative study
of retinal vessel segmentation.

Table 2 Comparison of segmentation performance on OCTA 3M, OCTA 6M, and ROSE datasets

Method Dice loU Sen Pr Spe F1-score
OCTA 3M
Unet 79.36 65.86 79.81 78.92 97.63 79.36
R2UNet 66.32 46.31 69.33 64.10 92.30 66.32
UNet++ 82.83 70.86 82.31 83.36 98.17 82.83
SwinUNet 73.66 58.40 72.01 75.39 97.39 73.66
H2Former 80.13 66.90 82.32 NA NA 80.13
MISSFormer 80.63 67.62 80.72 NA NA 80.63
UMamba 75.76 61.07 77.56 NA NA 75.76
VM-UNet 71.98 56.34 69.67 NA NA 71.98
AC-Mamba 80.44 67.36 79.13 NA NA 80.44
H-vmunet 67.15 50.66 69.10 NA NA 67.15
OCTAMamba [18] 84.50 73.23 84.00 NA NA 84.50
SAM OCTA [16] 91.99 0.852 NA NA NA 91.99
SAM OCTA-2 92.07 0.842 NA NA NA 92.07
Proposed 93.50 0.8670 85.50 99.10 99.25 93.50
OCTA 6M

Method Dice IoU Sen Pr Spe F1-score
Unet 77.32 63.11 78.88 75.82 97.20 77.32
R2UNet 51.78 35.16 44.82 58.70 89.40 51.78
UNet++ 79.60 66.21 80.06 79.15 97.66 79.60
SwinUNet 72.39 56.84 72.10 72.68 96.99 72.39
H2Former 74.19 59.04 78.07 NA NA 74.19
MISSFormer 78.03 64.07 78.97 NA NA 78.03
UMamba 70.24 54.22 73.41 NA NA 70.24
VM-UNet 71.55 55.81 70.54 NA NA 71.55
AC-Mamba 78.42 64.61 77.19 NA NA 78.42
H-vmunet 64.18 47.36 66.61 NA NA 64.18
OCTAMamba [18] 82.31 70.03 82.75 NA NA 82.31
SAM OCTA [16] 88.69 0.79 NA NA NA 88.69
SAM OCTA-2 89.23 0.804 NA NA NA 89.23
Proposed 90.25 84.50 88.50 92.07 99.15 90.25

ROSE

Method Dice IoU Sen Pr Spe F1-score
Unet 83.82 72.25 84.76 82.90 98.06 83.82
R2UNet 78.27 64.42 79.21 77.50 95.80 78.27
UNet++ 88.88 80.14 87.57 90.23 98.95 88.88
SwinUNet 79.19 65.68 76.86 81.67 98.08 79.19
H2Former 83.74 72.13 83.37 NA NA 83.74
MISSFormer 84.27 72.93 85.34 NA NA 84.27
UMamba 77.46 63.33 80.43 NA NA 77.46
VM-UNet 81.10 68.33 81.64 NA NA 81.10
AC-Mamba 88.85 80.10 87.57 NA NA 88.85
H-vmunet 70.33 54.38 71.10 NA NA 70.33
OCTAMamba [18] 90.04 82.03 88.86 NA NA 90.04

SAM OCTA [16] NA NA NA NA NA NA
SAM OCTA-2 NA NA NA NA NA NA

Proposed 89.50 0.851 89.50 89.50 98.83 89.50

According to this experiment, the proposed CGOctaNet technique consistently improved performance across
all datasets. In particular, it achieved the highest Dice values of 93.50%, 90.25 and 89.50% on the OCTA_3M,
OCTA_6M, and ROSE datasets, respectively. The corresponding leading IoU scores were 86.70%, 84.50%, and
85.10%, and the Sensitivity was high at 89.50% on the ROSE dataset, indicating that the network can map vessel
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boundaries. The CGOctaNet model provided performance gains compared to other current competing techniques,
including SAM-OCTA, SAM-OCTAZ2, transformation-based architectures (SwinUNet and MISSFormer), and Other
Techniques. Furthermore, for OCTA 3M, the proposed model has reported average performance of 99.10%,
99.25%, and 93.50% for precision, specificity, and F1-score, respectively. For OCTA 6M, the precision, specificity,
and F1-score are reported as 92.07%, 99.15%, and 90.25%, respectively. Similarly, for the ROSE dataset, these
performance metrics report 89.50%, 98.83%, and 89.50%, respectively. These outcomes demonstrate the robust
performance of the proposed model when compared with the standard segmentation methods.

Table 3 Comparison of SAM and proposed method on OCTA 500 (3M) dataset

Class OCTA 500 (3M)
Dice SAM Dice Proposed Jaccard SAM Jaccard Proposed
RV 0.9199 0.9250 0.8520 0.8915
FAZ 0.9838 0.9880 0.9692 0.9750
Capillary 0.8785 0.8815 0.7837 0.8015
Artery 0.8747 0.9015 0.7785 0.8680
Vein 0.8817 0.9125 0.7897 0.8860

To validate the performance of the CGOctaNet approach, we conducted a detailed class-wise comparative
analysis of the OCTA-500 (3M) and OCTA-500 (6M) datasets. The results show that the proposed model
consistently outperformed the SAM baseline across all classes. According to this experiment, the proposed
approach achieved better performance in artery and vein segmentation, with Dice scores increasing from 0.8747
to 0.9015 and from 0.8817 to 0.9125, respectively, and corresponding Jaccard scores improving from 0.7785 to
0.8680 and from 0.7897 to 0.8860, as shown in Table 4. Similarly, the FAZ region segmentation also reported the
consistent improvement, achieving a Dice of 0.9880 and an IoU of 0.9750, indicating near-perfect segmentation.

Table 4 Comparison of Dice and Jaccard scores between SAM and the proposed method on OCTA-500 (6 M)

Class OCTA 500 (6M)
Dice SAM Dice Proposed Jaccard SAM Jaccard Proposed
RV 0.8869 0.9015 0.7975 0.8215
FAZ 0.9073 0.9250 0.8473 0.8650
Capillary 0.8379 0.8560 0.7213 0.8515
Artery 0.8602 0.9115 0.7572 0.8510
Vein 0.8526 0.9230 0.7474 0.8215

Similar trends were observed on the OCTA-500 (6M) dataset, where the proposed CGOctaNet model reported
improved performance for all segmentation classes. For instance, the Dice score for artery segmentation increased
from 0.8602 (SAM) to 0.9115, while the vein segmentation improved from 0.8526 to 0.9230, ensuring the model’s
robustness in handling deeper retinal scans. The most significant loU improvement was observed for capillaries,
rising from 0.7213 to 0.8515, highlighting the proposed model’s superior ability to segment fine-grained
microvascular networks. The FAZ Dice improved from 0.9073 to 0.9250, further emphasizing consistent
enhancement across both datasets.

Relative to other available OCTA segmentation models, CGOctaNet is more robust to image noise, illumination
changes, and motion artefacts, which are typical in retinal imaging. The Transformer bottleneck is being
integrated to achieve global spatial coherence by generating long-range dependencies between vessel structures,
thereby reducing fragmentation of microvascular networks that often occurs in traditional CNN-based
architectures. Also, a hybrid Dice-Cross Entropy loss is used to mitigate class imbalance and to create smoother
vessel boundaries and better define the foveal avascular zone (FAZ).

Compared with the state-of-the-art models (SAM-OCTA) [16] and (OCTAMamba) [18], CGOctaNet showed
better stability and accuracy, especially on capillary fine-caliber segmentation and FAZ. CGOctaNet has similar or
better accuracy than SAM-based constructions, which are heavily dependent on pretraining and highly
computationally intensive. On the same note, the proposed model also demonstrated higher segmentation
continuity and lower topological inconsistency than HAIC-Net [20] and LA-Net [21], which both use hybrid CNN-
Transformer frameworks to model local vessel geometry and global contextual information.

Generally, CGOctaNet offers the best balance between computational efficiency and segmentation
performance. Its multi-scale feature extraction and attention-based reconstruction can provide consistent results
across a variety of imaging conditions and datasets and are highly generalizable. The model is sensitive to extreme
illumination artefacts, but it requires a moderate amount of graphics card memory (Transformer layers), and its
accuracy and flexibility are more significant. The existing 2D model can also be strengthened in future research
by the extension to 3D volumetric OCTA segmentation. Overall, CGOctaNet creates a state-of-the-art solution that
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replaces retinal imaging with the use of convolutional encoding and Transformer-based global reasoning,
providing a reliable, scalable, and efficient way to detect early neurodegenerative disease using retinal imaging.

5. Conclusion and Future Work

This article introduced a new deep learning method for vessel segmentation in Optical Coherence Tomography
Angiography (OCTA) images. The proposed architecture has a U-Net-like encoder-decoder backbone and a
bottleneck module based on a Transformer to effectively model and capture the global contextual relations among
spatial features. Moreover, the decoder provides an attention module called Convolutional Block Attention
Modules (CBAM), which refines the feature and adaptively focuses the structure of interest in upsampling, i.e.,
vessel structure. The efficiency of the CGOctaNet mode was also evaluated on the OCTA-500 dataset, where the
CGOctaNet model outperformed existing approaches, achieving high Dice coefficients and loUs across all vascular
classes, including arteries, veins, and capillaries. Future research can aim to optimize computational efficiency
through lightweight Transformer variants, extend the architecture to 3D OCTA segmentation for volumetric
vascular analysis, and conduct multi-center clinical validation to establish diagnostic reliability. The incorporation
of explainable Al techniques can further enhance interpretability and facilitate clinical adoption. In summary,
CGOctaNet offers a scientifically justified, computationally efficient, and generalizable method for OCTA vessel
segmentation, presenting a promising foundation for early detection of neurodegenerative disorders and broader
applications in ophthalmic image analysis.
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