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Abstract 

Background: Age-related macular degeneration (AMD) is a major cause of vision loss, yet publicly 
available OCT datasets lack demographic diversity, particularly from South Asian populations. 
Existing datasets largely represent Western cohorts, limiting AI generalizability. Moreover, raw OCT 
volumes contain redundant spatial information and speckle noise, hindering efficient analysis. 
Methods: We introduce BanglaOCT2025, a retrospective dataset collected from the National Institute 
of Ophthalmology and Hospital (NIOH), Bangladesh, using Nidek RS-330 Duo 2 and RS-3000 
Advance systems. We propose a novel preprocessing pipeline comprising two stages: (1) A 
"Constraint-Based Centroid Minimization" algorithm that autonomously identifies the foveal center 
to extract a 33-slice region of interest, robust against retinal tilt; and (2) A Self-Supervised Volumetric 
Restoration module utilizing a Flip-Flop Swin Transformer (FFSwin) backbone to mitigate speckle 
noise without requiring paired clean data. Results: The dataset includes 1,585 OCT scans (202,880 B-
scans), with 857 expert-annotated cases (54 DryAMD, 61 WetAMD, and 742 NonAMD). The 
proposed restoration pipeline enhances image clarity while preserving pathological biomarkers, 
improving classification accuracy from 69.08% to 99.88% using the same classifier. Statistical 
significance was confirmed via paired McNemar testing, and denoising quality was evaluated using 
reference-free volumetric metrics. Conclusions: BanglaOCT2025 constitutes the first clinically 
validated OCT dataset representing the Bengali population and establishes a reproducible, fovea-
centric preprocessing and restoration paradigm for robust AMD analysis in resource-constrained 
clinical settings. 

Keywords: BanglaOCT2025; Optical Coherence Tomography; fovea detection; speckle noise 
reduction; self-supervised learning; Flip-Flop Swin Transformer; AMD 
 

1. Introduction 

Optical Coherence Tomography (OCT) functions as an "optical ultrasound," utilizing low-
coherence interferometry to provide non-invasive, micrometer-scale cross-sectional views of retinal 
microstructures [1]. In these grayscale tomograms, pixel intensity correlates with tissue 
backscattering properties; hyper-reflective (bright) regions indicate distinct layers such as the Retinal 
Nerve Fiber Layer (RNFL) and the Retinal Pigment Epithelium (RPE), while hypo-reflective (dark) 
regions represent the nuclear layers and vitreous humor [2]. Even minor textural or intensity 
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deviations within these layers can signal early pathological changes associated with sight-threatening 
conditions.  

OCT has become the clinical gold standard for diagnosing age-related macular degeneration 
(AMD) and other macular disorders [3]. However, the development of reliable automated diagnostic 
systems is constrained by two fundamental challenges: demographic dataset bias and volumetric 
image quality degradation. 

First, majority of the publicly available OCT datasets, such as Duke SD-OCT, OCTA-500, and 
AROI, are based on Western (largely Caucasian) or East Asian patient cohorts [4–6]. Although these 
datasets are well curated and widely used, they provide limited representation of South Asian 
populations, where retinal anatomy, pigmentation, and disease characteristics may differ across 
ethnic groups [7]. Consequently, AI models trained on Western OCT datasets may suffer from 
domain shift when deployed in South Asian clinical settings, reducing diagnostic reliability. Despite 
the growing burden of age-related macular degeneration, population-specific OCT datasets for South 
Asia—particularly Bangladesh—remain scarce. Such anatomical and demographic differences can 
alter OCT appearance and challenge model generalization, consistent with broader findings on 
limited cross-population transferability in medical AI [8]. 

To address this gap, we introduce BanglaOCT2025, a large-scale macular OCT dataset collected 
at the National Institute of Ophthalmology and Hospital (NIOH), Bangladesh, using NIDEK RS-330 
Duo 2 and RS-3000 Advance systems under routine clinical workflows, with clinician-verified 
annotations and demographic metadata [9,10]. 

Second, the volumetric nature of OCT introduces redundancy and speckle noise. Standard 
macular scans contain up to 128 B-scans covering a 6 mm × 6 mm retinal region, many of which lie 
outside the diagnostically relevant central macula and increase computational cost and noise 
sensitivity [11]. Reliable 3D analysis therefore requires accurate localization of the fovea centralis; 
however, existing fovea detection methods based on global thickness or intensity heuristics are often 
sensitive to tilt, motion artifacts, and pathological deformation [12–14]. 

To address this, we propose a constraint-based centroid minimization algorithm that robustly 
localizes the fovea, even in tilted scans, and extracts a standardized 33-slice sub-volume. This fovea-
centric design aligns with clinical practice, where AMD-related biomarkers are concentrated in the 
central macula, while reducing redundant computation. 

Furthermore, raw OCT images are inherently affected by speckle noise[15], it appears as a 
granular interference pattern that obscures fine pathological features, including drusen boundaries, 
subretinal fluid, and outer retinal layers. Conventional two-dimensional filtering methods often 
reduce this noise at the cost of blurring layer boundaries, thereby compromising diagnostic detail 
[16,17]. Recent machine-learning approaches, mainly based on 2D autoencoders, denoise OCT images 
by processing individual B-scans and typically rely on paired or reference images [18–21]. However, 
such methods largely ignore the intra- and inter-slice spatial relationships inherent to volumetric 
OCT data. Consequently, the use of collocated volumetric coherence for self-supervised OCT 
denoising remains underexplored. 

To address this limitation, we introduce a self-supervised volumetric restoration framework 
based on a Flip-Flop Swin Transformer (FFSwin) backbone. By leveraging intra- and inter-slice 
anatomical coherence, the model suppresses speckle noise while preserving retinal structure, without 
requiring noise-free reference images. 

In summary, this study makes four principal contributions: (i) introduction of BanglaOCT2025, 
the first clinically curated macular OCT dataset from the Bengali population; (ii) a constraint-based 
centroid minimization algorithm for tilt-robust automated fovea-centric sub-volume extraction; (iii) 
a self-supervised volumetric restoration framework leveraging a Flip–Flop Swin Transformer 
backbone; and (iv) a comprehensive evaluation showing that restoration-driven preprocessing 
substantially enhances downstream AMD classification performance under severe class imbalance. 
Here, downstream AMD classification results are reported to validate the effectiveness of the 
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restoration process, a high-level architectural description is provided, sufficient to reproduce the 
restoration paradigm without exposing proprietary implementation details. 

Note: This article focuses strictly on the dataset characteristics and the restoration methodology. 
While we report downstream classification accuracy to validate the quality of the restored images, 
the detailed architecture of the classification framework is outside the scope of this paper and will be 
reported in a separate study. 

2. Materials and Methods 

2.1. Dataset: BanglaOCT2025 

2.1.1. Dataset Acquisition 

BanglaOCT2025 was retrospectively collected (BanglaOCT2025) from the National Institute of 
Ophthalmology and Hospital (NIOH), Bangladesh, under routine clinical workflows. All data were 
de-identified in accordance with institutional data governance practices prior to analysis, with only 
limited demographic metadata (age and sex) retained for research purposes. No personally 
identifiable information was used in this study.  

OCT examinations were acquired using NIDEK spectral-domain OCT systems, namely the RS-
330 Duo 2 and RS-3000 Advance (NIDEK Co., Ltd., Japan), operated through the NAVIS-EX image 
management software. A total of 1,419 patient records were initially retrieved from the NAVIS-EX 
system, comprising 1,071 cases from the RS-330 Duo 2 and 348 cases from the RS-3000 Advance. After 
excluding incomplete, corrupted, or empty scan folders, 1,071 valid patients and 1,658 volumetric 
OCT scans were retained. A detailed breakdown of patient counts, scan validity, and slice statistics 
is summarized in Table 1. 

Table 1. Collected retrospective OCT scans from NIOH. 

OCT Machine Model Patients in 
NAVIS-EX* 

Valid Patients Valid Scans** Scans for 
BanglaOCT2025 

Slices in 
BanglaOCT2025 

Nidek RS-330 Duo 2 1071 738 1128 1147 146816 
Nidek RS-3000 Advance 348 333 530 438 56064 

Total 1419 1071 1658 1585 202880 
* For this research purpose, we have used trial version of this software (NAVIS-EX software by NIDEK CO., 
LTD., n.d.). Some scans corresponded to invalid or empty image folders. ** Patient may need to scan both eyes 
or multi scans per eye. 

Each macular OCT volume was acquired using a standard 6 mm × 6 mm fovea-centered protocol 
with 128 B-scans, following routine clinical practice including patient fixation guidance, optional 
pupil dilation, automated alignment, and manual confirmation of macular center to ensure consistent 
alignment and image quality for AMD assessment. [2,23–26]. All B-scans were stored as grayscale 
images, where pixel intensity represents tissue backscattering and supports layer-wise (e.g., RNFL 
and RPE) retinal analysis. 

Following quality control, a total of 1,585 scans (202,880 B-scans) were retained for the 
BanglaOCT2025 dataset, as summarized in Table 2. Among these, 857 scans from 573 patients were 
selected for expert annotation. Diagnostic labels were assigned by experienced retina specialists into 
three clinical categories: DryAMD, WetAMD, and NonAMD. Each case was independently reviewed 
by multiple clinicians, and final labels were determined through consensus to enhance annotation 
reliability. This expert-driven labeling strategy is consistent with established best practices in 
ophthalmic imaging datasets [3,4,27]. Scans without expert labels were retained for unsupervised and 
restoration-only experiments. 

Table 2. Summary of the “BanglaOCT2025”. 
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Particulars Quantity 
Total patients 1419 
Valid patients 1071 
Scans from both eyes or multi scans from single eye 1658 
Discard scans due to image acquisition issues 73 
Considered scans for BanglaOCT2025 1585 
Considered 2D OCT slices for BanglaOCT2025 202880 
Patients for ground truth labelling in BanglaOCT2025 573 
Scans in BanglaOCT2025 without ground truth labelling 728 
Scans for doctor labelling in BanglaOCT2025 857 
Dry AMD 54 
Wet AMD 61 
Non-AMD 742 

To the best of our knowledge, BanglaOCT2025 represents the first large-scale, clinically curated 
OCT dataset specifically focused on the Bengali population. By providing population-specific OCT 
data with verified clinical labels, this dataset addresses a significant gap in existing OCT resources 
and supports the development and evaluation of robust ophthalmic AI systems for South Asian 
populations. 

2.1.2. Ground Truth Labeling 

To ensure clinical reliability, the dataset underwent a rigorous labeling process involving three 
retina specialists from Sher-e-Bangla Medical College Hospital (SBMCH), Khulna Medical College 
Hospital (KMCH), and NIOH. The specialists independently reviewed scans using the Nidek NAVIS-
EX software (trial version). 
• Initial Classification: Two specialists (from SBMCH and KMCH) independently labeled 573 

patients (857 individual scans) into categories including Dry AMD, Wet AMD, and other retinal 
conditions. 

• Conflict Resolution: While classifications were generally consistent, disagreements arose in 
specific early-stage cases. These contentious cases were reviewed by a third specialist from 
NIOH. 

• Final Consensus: Ground-truth labels were finalized using majority voting among clinicians 
[27,28]. The annotated dataset comprises 857 samples, including 54 DryAMD, 61 WetAMD, and 
742 NonAMD cases. The NonAMD category includes normal eyes as well as other non-AMD 
retinal conditions. 
In BanglaOCT2025, the patients age range 10.5 to 85.5 years from 1071 patients (individual 1585 

scans). Total 573 patients are (individual 857 scans) ground truth labelled (age range 48.5 year to 85.5 
year). The youngest Wet AMD case was 49.5 years. Patient distribution according to age is 
summarizes as Table 3. In this dataset, gender wise dry AMD and wet AMD given in Table 4. 

Table 3. Age-wise patient distribution and ground truth labelling. 

Age Range No. of Patients 
Ground Truth Labelled 573 Patients 

No. of Patients Dry AMD Wet AMD 
5-10.5 6 0 0 0 

11-20.5 45 0 0 0 
21-30.5 96 0 0 0 
31-40.5 186 0 0 0 
41-45.5 105 0 0 0 
46-50.5 141 81 4 4 
51-55.5 160 160 11 11 
56-60.5 125 125 9 9 
61-65.5 98 98 6 10 
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66-70.5 70 70 17 15 
71-75.5 26 26 2 9 
76-80.5 9 9 5 2 
81-85.5 4 4 0 1 
Total 1071 573 54 61 

Table 4. Gender-wise dry and wet AMD distribution in BanglaOCT2025. 

Gender Total Patients Ground Truth  
Labelling 

Dry AMD Wet AMD Total AMD 

Male 658 349 31 36 67 
Female 413 224 23 25 48 
Total 1071 573 54 61 115 

2.2. Constraint-Based Fovea-Centric Volume Extraction 

Each B-scan was exported as an 8-bit grayscale bitmap image 𝐼(௜) ∈ ℝሾ଴,ଶହହሿ(ு×ௐ), where 𝑖 = 1,2, … ,128 
denotes the slice index, 𝐻 and 𝑊 represent the image height and width, respectively. 

Accurate localization of the fovea is a critical prerequisite for reliable macular analysis, as 
automated fovea detection may be unreliable in the presence of retinal pathology, fixation instability, 
or scan tilt. Prior studies have shown that pathological deformation and acquisition artifacts can 
significantly affect automated fovea localization accuracy [12,13]. Unlike prior fovea detection 
approaches that rely on global thickness profiles or intensity heuristics, the proposed method 
introduces a constraint-aware, column-wise centroid formulation that is robust to tilt and 
pathological deformation. Therefore, for algorithm validation and benchmarking purposes only, the 
foveal center was manually identified following established clinical protocols reported in the 
literature [12,13].  

All preprocessing and downstream experiments in this study rely exclusively on the proposed 
fully automated constraint-based centroid minimization algorithm, without manual intervention. 
During validation only, manual foveal localization was performed by identifying the B-scan with the 
deepest foveal pit within ±5 slices of the system-reported fovea, following established clinical 
protocols [29]. After foveal localization, a standardized fovea-centered sub-volume of 33 consecutive 
B-scans (fovea ±16 slices) was extracted to ensure consistent macular coverage across all subjects [11]. 
To reduce computational cost, a fovea-centered sub-volume of 33 slices (±16) was used. Although the 
fovea is typically located near the mid-volume (around slice 64), anatomical variation and patient 
motion can shift its position between slices 59 and 69 [12]. To ensure robust detection under scan tilt 
and pathological deformation, the pipeline proceeds as follows: 
• Segment retinal tissue in the central region of each slice. 
• Compute a column-wise centroid (one per A-scan) to detect the shallowest point. 
• Define a slice-level pit metric using the minimum centroid height. 
• Apply a clinical penalty to enforce the expected anatomical slice range. 
• Extract the fovea and its 16 neighboring slices on each side. 

This section presents a constraint-based centroid minimization algorithm for automated foveal 
slice detection, which employs a tilt-robust retinal pit metric together with a penalty-constrained 
optimization strategy to consistently extract a standardized 33-slice macular sub-volume (Tilt Fovea 
Centric OCT Volume Extraction Implementation). Manual foveal confirmation was used only for 
validation; all preprocessing and downstream analyses rely solely on the fully automated algorithm. 

2.2.1. Tilt-Robust Foveal Slice Detection and Macular Extraction Algorithm 

A novel algorithm that combines column-wise centroid analysis [30] with clinical range 
constraints to achieve robust foveal slice detection insensitive to image rotation or tilt artifacts was 
employed. 
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Central Region Extraction: Restricting analysis to the central macular region reduces peripheral 
noise while preserving the foveal pit, consistent with prior macula-focused OCT analyses [11,31]. For 
computational efficiency and anatomical focus, a central region comprising 35% of the image width 
was extracted. A 35% central width was empirically selected to encompass the foveal pit and 
parafoveal region while excluding peripheral regions prone to shadowing and curvature artifacts. 𝐼center

(௜) (𝑥,𝑦) = 𝐼(௜)൫𝑥,𝑦start
(௜) ∶  𝑦end

(௜) ൯ (1)
where, 𝑦start

(௜) = ⌊𝑊 × 0.325⌋ = ⌊𝑊 × (0.5 − 0.175)⌋𝑦end
(௜) = ⌊𝑊 × 0.675⌋ = ⌊𝑊 × (0.5 + 0.175)⌋ 

Denoising with Gaussian Filtering: Speckle noise [15] was reduced using a 2D Gaussian filter 
with kernel size 7 × 7 . A mild Gaussian smoothing σ ≈ 1.0  was applied to suppress speckle-
induced high-frequency fluctuations without blurring retinal layer boundaries while preserving 
layer geometry, consistent with prior OCT preprocessing studies [32,33]. 𝐼blur

(௜) = 𝐼center
(௜) ∗ 𝐺 (2)

where, 𝐺(𝑥,𝑦) = ଵଶగఙమ exp ቀ− ௫మା௬మଶఙమ ቁ , 𝜎 = ଻ିଵ଺ ≈ 1.0 
Adaptive Thresholding with Otsu’s Method: Retinal tissue was segmented using Otsu’s method, 

which automatically determines the optimal threshold 𝑇Otsu by maximizing between class variance 
to separate retinal tissue from background. 𝐵(௜)(𝑥,𝑦) = ቊ1 if 𝐼blur

(௜) (𝑥,𝑦) ≥ 𝑇Otsu0 otherwise
 (3)

where 𝑇Otsu is computed as: 𝑇Otsu = arg max଴ஸ௞ழଶହ଺ሾ𝜔଴(𝑘)𝜔ଵ(𝑘)(𝜇଴(𝑘) − 𝜇ଵ(𝑘))ଶሿ 
This procedure automatically finds the best intensity value to separate bright retinal tissue from 

darker background by maximizing the difference between the averages of the two groups of pixels. 
Column-Wise (A-Scan) Centroid Analysis: The key innovation lies in computing centroids for 

each vertical column (A-scan) independently rather than a global centroid. This provides tilt-
robustness. Unlike global centroid or thickness-based approaches, column-wise centroid estimation 
preserves robustness under scan tilt and local deformation [12,31]. For each segmented slice 𝐵(௜), the 𝑗-th A-scan is represented by a binary depth profile 𝑏௝(𝑥) = 𝐵(௜)(𝑥, 𝑗), 𝑥 = 1,2, … ,𝐻, capturing axial 
retinal tissue distribution. The zeroth moment (area) for column 𝑗 is 𝑀00

(௜,௝) = ∑ 𝐵(௜)ு௫ୀ1 (𝑥, 𝑗), the first 
vertical moment is 𝑀01

(௜,௝) = ∑ 𝑥ு௫ୀ1 ⋅ 𝐵(௜)(𝑥, 𝑗). 
The column centroid (vertical position) is: 

𝐶௬(௜,௝) = ൞𝑀଴ଵ(௜,௝)𝑀଴଴(௜,௝) if 𝑀଴଴(௜,௝) > 𝜖𝐻 otherwise (no tissue)
 (4)

where 𝜖 = 10ି଺ prevents division by zero. 
Foveal Pit Metric- Minimum Column Centroid: The foveal pit corresponds to the thinnest point 

of the retina, which manifests as the highest position in the image (minimum 𝑦 -coordinate). The 
metric for slice 𝑖 is: ℳpit

(௜) = min௝∈𝒥 𝐶௬(௜,௝) (5)

where, 𝒥 is the set of all columns in the central region. This metric identifies the minimum (highest) 
centroid among all columns, corresponding to the foveal depression. 

Efficient Vectorized Implementation: The algorithm uses NumPy vectorization for 
computational efficiency. Let 𝐁 ∈ ℝு×ௐ೎ denote the segmented central retinal region, where 𝑊௖ =𝑦end − 𝑦start. The column-wise zeroth- and first-order moments are computed as 𝐦଴଴ = 𝐁ୃ𝟏,𝐦଴ଵ =𝐁ୃ𝐲, where 𝟏 is a vector of ones and 𝐲 = [1, … ,𝐻]ୃ. The column centroids are then defined as: 
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𝒄௬ = ൝𝒎଴ଵ𝒎଴଴ , 𝑚଴଴ > 𝜖𝐻, otherwise
 (6)

with 𝜖 = 10ି଺ to avoid division by zero. Finally,  ℳpit
(௜) = min(𝐜௬) (7)

Clinical Range Constraint with Penalty Function: To incorporate anatomical prior knowledge, 
slices outside the clinically expected foveal range (59–69) were penalized: 

ℳ෩pit
(௜) = ൝ℳpit

(௜) if 59 ≤ 𝑖 ≤ 69ℳpit
(௜) + 200 otherwise

 (8)

The penalty value of 200 was empirically chosen to suppress slices outside the expected foveal 
range while still allowing anatomically pronounced foveal pits to be selected, thereby balancing 
robustness and flexibility. 

Foveal Slice Identification: The optimal foveal slice index is: 𝑖fovea = argmin௜∈{ଵ,ଶ,…,ଵଶ଼} ℳ෩pit
(௜) (9)

Macular Sub-volume Extraction: A standardized macular sub-volume centered on the detected 
fovea was extracted: 𝒱macula = ൛𝐼(௞):𝑘start ≤ 𝑘 ≤ 𝑘endൟ (10)
where, 𝑘start = max(1, 𝑖fovea − 16)  and   𝑘end = min(128, 𝑖fovea + 16) 

A fixed 33-slice macular sub-volume centered on the detected fovea was extracted. Boundary 
conditions were handled by shifting the extraction window to ensure a consistent slice count without 
exceeding volume limits. 

Algorithm: Constraint-Based Centroid Minimization  
Parameters: 
• 𝑁adj = 16 (Adjacent slices each side) 
• 𝑇slices = 128 (Total slices per volume) 
• 𝑅start = 59, 𝑅end = 69 (preferred foveal range) 
• 𝑃 = 200 (Penalty for out-of-range slices) 
Procedure: 

For each patient folder 𝐹: 
a. Initialize metric dictionary 𝑀 ← {} 
b. For each slice 𝑖 = 1 to 128: 

i. Load image 𝐼 ← oct_c_𝑖.bmp 
ii. Extract central region (35% width): 𝐼௖ ← 𝐼[: ,0.325𝑊: 0.675𝑊] 
iii. Apply Gaussian blur: 𝐼௕ ← GaussianBlur(𝐼௖ , (7,7)) 
iv. Compute Otsu threshold 𝑇Otsu 
v. Segment tissue: 𝐵 ← (𝐼௕ ≥ 𝑇Otsu) 
vi. Compute column centroids 𝐜௬ 
vii. 𝑀pit ← min(𝐜௬) 
viii. If 𝑖 < 59 or 𝑖 > 69: 𝑀[𝑖] ← 𝑀pit + 200 
ix. Else: 𝑀[𝑖] ← 𝑀pit 

c. Find foveal slice: 𝑖fovea ← argmin(𝑀) 
d. Calculate range: 𝑘start ← max(1, 𝑖fovea − 16), 𝑘end ← min(128, 𝑖fovea + 16) 
e. If 𝑘end > 128: adjust range leftward 
f. If 𝑘start < 1: adjust range rightward 
g. Copy slices 𝑘start through 𝑘end to output folder 
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2.2.2. Design Rationale and Robustness Analysis 

Tilt-Robustness Analysis: Traditional global centroid methods fail when OCT scans are tilted. 
Consider a tilted scan where the retinal surface forms angle 𝜃 with the horizontal. The true foveal 
pit depth Δ𝑦true is preserved in column-wise minima but lost in global averaging: 𝐶௬global = 1𝑊௖෍𝐶௬(௝)௝ ≈ 𝑦‾ + Δ𝑦true2 ⋅ tan𝜃 (11)

The method avoids this bias by computing min௝𝐶௬(௝), which remains invariant to tilt. 
Penalty Function: The penalty value 𝑃 = 200 was chosen such that: 𝑃 > max௜∈[ହଽ,଺ଽ]ℳpit

(௜) − min௜∉[ହଽ,଺ଽ]ℳpit
(௜) 

This ensures the preferred range dominates unless an out-of-range slice has an exceptionally 
strong foveal signal. 

Computational Complexity: The algorithm operates in 𝑂(𝐻𝑊௖)  per slice, with vectorized 
operations achieving near-optimal performance. The total processing time for 𝑁  patients is 
approximately 𝑂(128𝑁𝐻𝑊௖). On a standard workstation (Intel i7 CPU), fovea detection required <0.3 
s per volume, enabling scalable preprocessing of large datasets. 

2.2.3. Parameter Summary 

Table 5. Algorithm parameters for tilt-robust foveal detection. 

Parameters Value and Rationale 
Total slices (𝑇slices) 128 (standard NIDEK protocol) 
Adjacent slices (𝑁adj) 16+fovea+16 ⇒ 33-slice sub-volume covering ∼1.5mm 
Search range 59–69 (clinically expected foveal location 64 ±5 slices) 
Penalty value (𝑃) 200 (empirically validated on the BanglaOCT2025 dataset) 
Central width 35% of image (focus on anatomically relevant region) 
Gaussian kernel 7 × 7 (𝜎 ≈ 1.0, balances noise reduction and edge preservation) 
Threshold method Otsu’s adaptive threshold (robust to brightness variation) 

2.2.4. Validation and Error Handling 

The algorithm includes robustness measures: 
• Fallback mechanism: If no valid images are found, defaults to slice 64 (midpoint of preferred 

range) 
• Boundary checking: Ensures extracted sub-volume stays within 1–128 range 
• Empty folder detection: Skips folders without valid OCT images 
• Numerical stability: 𝜖 = 10ି6 prevents division by zero in centroid calculations 

These safeguards ensure reliable operation under real-world clinical conditions, including 
incomplete scans and acquisition failures 

2.3. Self-Supervised Volumetric Denoising Framework Using FFSwin Backbone 

OCT imaging is inherently affected by speckle noise [15], which obscures retinal microstructures 
such as the Inner Segment (IS)/ Outer Segment (OS) junction, Retinal Pigment Epithelium (RPE) band, 
and drusen morphology. Conventional 2D denoising methods neglect the critical depth-wise 
continuity of OCT volumes [34]. Following fovea-centric sub-volume extraction (33 slices; Section 
2.2), a self-supervised volumetric denoising framework based on a Flip–Flop Swin Transformer 
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[35,36] backbone (FFSwin1) was employed (FFSwin Restoration Implementation) to model intra- and 
inter-slice contextual relationships without requiring clean reference volumes [37,38]. 

This design choice is theoretically supported by blind-spot self-supervised learning principles, 
such as Noise2Self, which demonstrate that effective denoising can be achieved without clean targets 
by exploiting statistical independence in structured noise patterns [39]. 

The denoising module serves as a pretext task, providing structurally enhanced volumes that 
significantly benefit downstream AMD classification, where our FFSwin classifier achieves 99.88% 
accuracy on the BanglaOCT2025 dataset. 

2.3.1. Theoretical Premise: 3D Spatio-Temporal Consistency 

Our approach relies on the distinction between biological tissue and imaging artifacts in 3D 
space: 
• Anatomical Continuity: Retinal layers (e.g., RPE, ILM) and pathologies (e.g., Drusen) are 

physically continuous structures. If a feature exists at coordinates (x, y) in slice 𝑧, it likely exists 
near (x, y) in slice z − 1 and z + 1. 

• Noise Independence: Speckle noise is an interference pattern that is stochastic. A noise granule 
at (x, y) in slice z has no correlation with the pixel at (x, y) in slice z + 1. 
Therefore, a hypothesis is considered where a network forced to predict the content of co-located 

volumetric neighbors will naturally learn to preserve anatomy while suppressing independent noise. 

2.3.2. Network Backbone: The "Flip-Flop" Abstraction 

To implement this hypothesis, a custom transformer architecture “Flip-Flop Swin Transformer 
(FFSwin)” is utilized as backbone where 3D abstraction of 2D OCT slices volume is used. Unlike 
standard 3D CNNs, this backbone employs an Alternating (Flip-Flop) Attention Mechanism to 
capture anisotropic features:  
• Intra-Slice Attention (Flop Mode): The model attends to local patches within the 2D plane (𝑋 −𝑌). This allows the network to learn texture and edge definitions within a single B-scan. 
• Inter-Slice Attention (Flip Mode): The attention window is shifted along the 𝑍-axis (Depth). This 

forces the model to aggregate information from co-located patches in adjacent slices (𝑧 − 1, 𝑧 +1). 
This mechanism acts as a volumetric filter, reinforcing features that are spatially consistent 

across the depth dimension. 
Note: The specific architectural micro-design of this backbone is outside the scope of this paper, 

which focuses on the restoration application and dataset validation. 

 
Figure 1. Block diagram of FFSwin Denoising Model. 

2.3.3. Self-Supervised Training Strategy 

 
1  FFSwin Architecture is used here as backbone. Here, a high-level architectural description is 
provided, sufficient to reproduce the restoration paradigm without exposing proprietary 
implementation details. 
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Since perfectly clean ground-truth OCT data cannot be obtained physically, the training as a 
Self-Supervised reconstruction task is formulated. The raw volume itself as the supervision signal is 
utilized. Let 𝑉௥௔௪ ∈ ℝ஽×ு×ௐ be the input sub-volume extracted from the dataset. During training, a 
stochastic corruption function is introduced to generate a noisy volume 𝑉௖௢௥௥௨௣௧ by injecting additive 
Gaussian noise 𝒩. 𝑉௖௢௥௥௨௣௧ = clamp(𝑉௥௔௪ + 𝒩(𝜇 = 0,𝜎 = 0.15),0,1) 

The denoiser learns a mapping    𝑓ఏ: 𝑉௖௢௥௥௨௣௧ → 𝑉௥௔௪෣ 
The network 𝑓ఏ maps the corrupted volume back to the original. The objective is to minimize 

the structural deviation between the reconstruction 𝑉௥௔௪෣ and the clean target 𝑉௥௔௪:  minఏ   ℒ(𝑉௥௔௪෣ ,𝑉௥௔௪)        
2.3.4. Volumetric Patch Embedding and Context Modeling 

The framework decomposes each OCT volume into non-overlapping 3D patches: P௜ = 𝜙(𝑉௥௔௪),                  P௜ ∈ ℝௗ×௣×௣ 

where 𝑑 is patch depth and 𝑝 × 𝑝 is the spatial size. The FFSwin backbone computes height–width–
depth attention across co-located patches: Z = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛3𝐷(P𝑖, P𝑗) 
where P௝ includes both intra-slice neighbors and inter-slice depth-shifted neighbors, enabling the 
model to exploit anatomical continuity. 

To protect the proprietary nature of the architecture, only a high-level description is provided. 
Internally, the network alternates between flop (non-shifted) and flip (shifted) volumetric attention, 
allowing cross-slice aggregation without revealing block-level details. The backbone contains 
4,53,367 learnable parameters, reflecting a computationally lightweight yet expressive volumetric 
encoder. 

2.3.5. Reconstruction Loss Function 

To prevent the model from learning the identity mapping, a hybrid objective function combining 
Mean Squared Error (MSE) and Sharpness Regularizer (𝐿1) [40] is utilized.  ℒ = |𝑉෠ − 𝑉௥௔௪|ଶᇣᇧᇧᇤᇧᇧᇥெௌா ௅௢௦௦ +  𝜆   . |𝑉෠ − 𝑉௥௔௪|ᇣᇧᇧᇤᇧᇧᇥୗ୦ୟ୰୮୬ୣୱୱ ୖୣ୥୳୪ୟ୰୧୸ୣ୰,   ௅భ 
where, the MSE term ensures global intensity fidelity; 𝐿ଵ term (𝜆 = 0.1) is crucial for preserving 
sharp layer boundaries.  

By optimizing this objective, the network learns the structural manifold of the retina—the 
features that persist despite the added noise. Consequently, during inference (where no noise is 
added), the network removes the intrinsic speckle noise, treating it as a deviation from the learned 
manifold. 

2.3.6. High-Level Architecture (Decoder-Free Design) 

Unlike standard autoencoders, our design does not contain a symmetric decoder. The pipeline 
consists of 3D Patch Embedding (Conv3D), FFSwin Backbone (encoder-only volumetric attention), 
Reconstruction Head (ConvTranspose3D), Sigmoid activation to restore intensities to [0,1] as shown 
in Figure 2. This greatly simplifies inference and eliminates feature-level redundancy. 
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Figure 2. Structure-Preserving Volumetric Restoration Network- (a) Architecture Diagram; (b) Training 
Workflow; (c) Inference Workflow (Volume denoising); (d) Full Pipeline; (e) Denoising and Preprocessing 
Diagram. 

2.3.7. Training Protocol and Convergence Analysis 

The denoising module was trained for 50 epochs using automatic mixed precision (AMP), 
enabling stable optimization and reduced memory usage during 3D volumetric learning. The training 
log demonstrates a clear and steady decline in reconstruction loss across epochs. The denoiser begins 
at a loss of approximately 0.00867 and converges to a final value of 0.00768, representing a consistent 
improvement in reconstruction quality throughout training shown in Figure 3. 

The loss decreases rapidly during the first 10–15 epochs, then transitions into a slower 
refinement phase. Training converged smoothly by epochs 35–40, with no oscillation or divergence, 
indicating stable optimization and effective learning of volumetric OCT structure without overfitting 
[41]. 

 
Figure 3. Training convergence curve of the Self-Supervised Volumetric Restoration Network. 

The small but meaningful reduction in loss (approximately 11.4% improvement from initial to 
final) is consistent with denoising tasks trained under self-supervised reconstruction, where the 
model learns to suppress noise while preserving fine retinal structures. Although the absolute loss 
values are low—due to normalized intensities and the use of 𝑀𝑆𝐸 + 𝐿ଵ —the monotonic 
convergence confirms that the model progressively enhances reconstruction fidelity. 
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When deployed in the classification pipeline, the impact of denoising becomes unambiguous. 
The FFSwin classifier evaluated on raw noisy volumes and achieves an accuracy of 69.08% with 
highly imbalanced performance across classes: DryAMD (recall 0.78), WetAMD (recall 0.21), and 
NonAMD (recall 0.72). After denoising, the identical classifier—without retraining—achieves 99.88% 
accuracy, with all class-wise precision and recall values between 0.98 and 1.00. This substantial 
improvement indicates that the denoiser restores clinically meaningful features that lost in the noisy 
volumes, particularly in WetAMD cases, where subtle biomarkers are easily overwhelmed by 
acquisition noise. 

The strong separation between noisy and clean classification performance confirms that the 
denoiser does not merely smooth the images, but reconstructs retinal layers in a way that enhances 
downstream discriminability. This validates the utility of the denoising module as a critical 
preprocessing stage for automated AMD diagnosis. 

2.3.8. Inference Pipeline 

During inference through the FFSwin backbone denoising model, slices are resized and stacked 
into volumes, odd-depth volumes are padded to ensure valid window partitioning, the model 
processes the full depth context, reconstruction is cropped back to original depth shown in Figure 4. 
This ensures full compatibility with irregularly sized real-world OCT datasets. 

   
(a) Overall Denoising 

Pipeline 
(b) Self-Supervised Training 

Flowchart 
(c) Encoder 

Architecture 

Figure 4. FFSwin backbone Self-Supervised denoise autoencoder- (a) Overall Denoising Pipeline; (b) 
Self-Supervised Training Flowchart; (c) Encoder Architecture. 

3. Results 
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This section presents the experimental validation of the proposed BanglaOCT2025 dataset and 
the associated preprocessing pipeline. The results are organized into three parts. First, the 
summarization of the statistical characteristics and clinical composition of the BanglaOCT2025 
dataset to establish its representativeness and diagnostic relevance (Section 3.1). Second, the 
robustness and effectiveness of the proposed constraint-based fovea-centric volume extraction 
algorithm are evaluated, which serves as the foundation for all subsequent analysis (Section 3.2). 
Finally, the impact of the self-supervised volumetric denoising framework is analyzed through 
downstream diagnostic performance, statistical testing, reference-free metrics, and qualitative visual 
assessment (Section 3.3). 

All experiments were conducted on fovea-centered 33-slice OCT sub-volumes extracted 
automatically from raw 128-slice macular cubes, ensuring consistent anatomical alignment across 
patients and diagnostic categories. 

3.1. BanglaOCT2025 Characteristics and Clinical Composition  

BanglaOCT2025 is a large-scale OCT dataset representing a South Asian population and 
addresses a major gap in existing public resources. After quality control, 1,585 OCT volumes (202,880 
B-scans) from 1,071 patients were retained, including 857 expert-labeled scans for evaluation. The 
labeled cohort comprises 54 DryAMD, 61 WetAMD, and 742 NonAMD cases, reflecting the class 
imbalance typical of real-world screening. Patient ages ranged from 48.5 to 85.5 years, with WetAMD 
cases concentrated in older individuals, consistent with known epidemiology. All scans were 
acquired under routine clinical conditions using Nidek RS-330 and RS-3000 systems, capturing 
realistic variability in image quality. Together, these features establish BanglaOCT2025 as a clinically 
meaningful benchmark for OCT restoration and diagnostic research. 

3.2. Evaluation of Constraint-Based Fovea-Centric Volume Extraction 

Accurate fovea localization is essential for macular analysis[11], as AMD biomarkers are 
concentrated near the foveal pit. This subsection evaluates the proposed automated centroid-based 
method for foveal slice detection and standardized sub-volume extraction. 

3.2.1. Robustness of Automated Foveal Slice Detection 

The algorithm reliably identified the foveal slice across the dataset without manual input during 
deployment. By combining column-wise centroid analysis with a clinically motivated penalty 
constraint, it remained robust to common acquisition artifacts such as retinal tilt, uneven 
illumination, and pathological deformation. 

Compared with global intensity- or thickness-based methods, the column-wise centroid metric 
consistently localized the foveal pit, even in tilted or asymmetric scans. Restricting the search to an 
anatomically plausible range (slices 59–69) further reduced false detections while accommodating 
patient-specific variability. Manual foveal confirmation was used only for validation; all reported 
results rely on the fully automated pipeline, with no systematic failures observed in quality-
controlled volumes. 

3.2.2. Standardization of Macular Sub-Volumes 

After fovea detection, a fixed 33-slice sub-volume (fovea ±16 slices) was extracted for each scan, 
ensuring anatomically consistent macular coverage while removing peripheral redundancy. This 
reduced volumetric depth by ~74%, lowering computational cost without sacrificing clinically 
relevant structures. Visual inspection across all diagnostic groups confirmed preservation of key 
macular features, supporting an effective balance between anatomical focus and efficiency. 

3.2.3. Role of Fovea-Centric Extraction in Downstream Analysis 
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All denoising, classification, and evaluation experiments (reported in Section 3.3) were 
conducted exclusively on these standardized 33-slice sub-volumes. This design choice isolates the 
impact of volumetric denoising and avoids confusing effects from irrelevant peripheral slices. 

By enforcing consistent anatomical alignment across patients, the fovea-centric extraction step 
establishes a stable foundation for volumetric learning and contributes directly to the robustness and 
interpretability of downstream diagnostic results. 

3.3. Self-Supervised Volumetric Restoration Framework Using FFSwin Backbone 

3.3.1. Classification Performance on BanglaOCT2025 Dataset 

Classification performance of the Flip-Flop Swin Transformer (FFSwin) was assessed on 
BanglaOCT2025 using patient-wise evaluation. The dataset included 857 patients (54 DryAMD, 61 
WetAMD, and 742 NonAMD), each represented by 33 fovea-centric B-scans. To address class 
imbalance, minority classes were oversampled during training, while evaluation preserved the 
original distribution. 

The same trained classifier and test set were used to compare two conditions: raw (noisy) OCT 
volumes and denoised volumes produced by the proposed restoration model. 

Performance on Raw OCT Volumes: While the classifier�s overall accuracy was 69.08% on the 
raw OCT scans, its performance varied widely across different conditions. It reliably confirmed 
healthy (NonAMD) eyes with 0.95 precision. The challenge emerged with WetAMD, where the 
model�s recall fell to just 0.21, meaning it missed most of these cases. This sharp drop indicates the 
classifier has particular trouble detecting WetAMD�s symptoms when the data is noisy—a key 
finding summarized in Table 6. 

Table 6. Precision, Recall, F1-score, Support from raw (noisy) OCT volume of BanglaOCT2025. 

 Precision Recall F1-Score Support 
      DryAMD 0.17 0.78 0.28 54 
      WetAMD 0.30 0.21 0.25 61 
      NonAMD 0.95 0.72 0.82 742 

The macro-averaged F1-score was 0.45, highlighting the impact of class imbalance and the 
limited discriminative capability of noisy OCT inputs for minority disease classes. 

Performance on Denoised OCT Volumes: In contrast, evaluation on denoised OCT volumes 
resulted in a dramatic performance improvement, achieving an overall accuracy of 99.88%. The 
classifier demonstrated near-perfect performance across all classes, with recall values of 1.00 for 
DryAMD, 0.98 for WetAMD, and 1.00 for NonAMD as summarizes in Table 7. 

The macro-averaged F1-score increased to 0.99, indicating robust and balanced classification 
performance even in the presence of severe class imbalance. These results suggest that denoising 
substantially enhances feature quality and inter-class separability in OCT images. 

Table 7. Precision, Recall, F1-score, Support from denoised (clean) OCT volume of BanglaOCT2025. 

 Precision Recall F1-Score Support 
DryAMD 0.98 1.00 0.99 54 
WetAMD 1.00 0.98 0.99 61 
NonAMD 1.00 1.00 1.00 742 

3.3.2. Denoising Effectiveness via Downstream Diagnostic Task 

In the absence of noise-free ground-truth OCT images, the effectiveness of the proposed 
denoising approach was evaluated indirectly through its impact on a downstream diagnostic task, 
following a task-driven evaluation paradigm commonly adopted in medical image analysis [21,39]. 
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To ensure a fair comparison, the same FFSwin classifier, trained with identical hyperparameters 
and evaluated on the same patient-wise test set, was applied to both raw and denoised OCT volumes. 
The difference between the two evaluation settings was the input data quality as shown in Figure 5. 

  
(a) Confusion matrix for denoised (clean) 

BanglaOCT2025 
(b) Confusion matrix for raw (noisy) BanglaOCT2025 

Figure 5. Performance comparison of FFSwin denoising autoencoder- (a) Confusion matrix for denoised (clean) 
BanglaOCT2025; (b) Confusion matrix for raw (noisy) BanglaOCT2025. 

The results demonstrate that denoising plays a critical role in improving diagnostic reliability. 
While raw OCT data led to substantial misclassification of AMD subtypes, denoised OCT volumes 
enabled near-perfect recognition of both DryAMD and WetAMD cases. This improvement indicates 
that denoising reveals disease-relevant features that are obscured by noise in raw OCT images. 

Clinically, the marked gain in AMD sensitivity is important, as missed cases can delay treatment. 
These results show that the proposed FFSwin denoiser improves both image quality and diagnostic 
performance. 

3.3.3. Class-Imbalance–Aware Analysis 

BanglaOCT2025 shows strong class imbalance, with NonAMD cases comprising about 87% of 
the dataset and DryAMD and WetAMD together accounting for 13%. In such settings, overall 
accuracy can be misleading, as it may mask poor performance on minority classes. 

To provide a fair assessment, we therefore emphasized imbalance-aware metrics, including 
class-wise recall, macro-averaged precision and F1-score, and balanced accuracy. On raw OCT data, 
the classifier showed limited macro-level performance (macro F1-score = 0.45), reflecting weak 
recognition of AMD subtypes. In contrast, evaluation on denoised volumes yielded a macro F1-score 
of 0.99, indicating consistently high performance across all classes. 

Notably, the recall for DryAMD and WetAMD improved from 0.78 and 0.21 (raw OCT) to 1.00 
and 0.98 (denoised OCT), respectively. This demonstrates that denoising disproportionately benefits 
minority disease classes by enhancing subtle pathological features that are otherwise suppressed by 
speckle noise [15]. 

These results confirm that the observed performance gains are not driven by majority-class bias 
but reflect genuine improvements in disease-specific feature representation, validating the 
robustness of the proposed denoising-classification pipeline under real-world imbalanced clinical 
conditions. 

3.3.4. McNemar’s Test for Paired Diagnostic Outcomes 
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A paired comparison was performed to evaluate whether the FFSwin-based denoising module 
significantly altered patient-level diagnostic correctness.  

Correct on both noisy and clean data, a= 592 patients; incorrect on noisy and correct after 
denoising (improved), b= 264 patients; correct on noisy and incorrect after denoising (degraded), c= 
0 patients; incorrect on both, d= 1 patient. For each patient, the classifier’s decision on noisy (raw) 
OCT data was compared with its decision on the corresponding denoised volume. The resulting table 
is given in Table 8. This probability is highly statistically significant as shown in Table 9. For a chi-
square distribution with one degree of freedom, 𝜒ଶ values around 10 correspond to p-values on the 
order of 10ିଷ, 𝜒2 ≈ 20 corresponds to p-values on the order of 10ିହ, and 𝜒2 ≈ 264 yields p-
values far below 10ିହ଴ . The exact binomial test produced an extremely small p-value (𝑝 ≈2.4 × 10ି଼଴), which is far below than conventional significance thresholds and is therefore reported 
as 𝑝 < 10ିଵଶ. 

McNemar Test: χଶ = (|𝑏 − 𝑐| − 1)ଶ𝑏 + 𝑐  

Table 8. McNemar contingency table. 

 Clean Correct: Yes Clean Correct: No 
Noisy Correct: YES 592 → a 0 → c 
Noisy Correct: No 264 → b 1→ d 

Table 9. McNemar test results. 

Measurement Parameters Value 
b (improved) 264 
c (degraded) 0 

χ2 (Continuity-corrected): χ2 = (|௕ି௖|ି1)2௕ା௖  262.0038 

p-value (Continuity-corrected): 𝑝 = 𝑃(𝜒ௗ௙ୀ1
2 ≥  262.0038) 0.000000 

χ2 (uncorrected):  χ2 = (௕ି௖)2௕ା௖  264 

p-value (uncorrected):  𝑝 = 𝑃(𝜒ௗ௙ୀ1
2 ≥  264) 0.000000 

Exact binomial p-value < 1𝑒ି12 (Essentially 0) 

McNemar’s test showed strongly significant discordance between the two conditions 
(continuity-corrected χ² = 262.00, p < 0.000001; exact binomial p < 10⁻¹²). Because the vast majority of 
discordant outcomes represented improvements (264 improved vs. 0 degraded) as shown in Table 8, 
the test confirms that the denoising procedure yields a statistically significant enhancement in 
diagnostic accuracy. No evidence of performance degradation was observed for any patient. 

These findings indicate that the denoising module consistently increases diagnostic correctness 
and does not introduce clinically harmful misclassifications. The paired statistical test provides 
strong evidence that the denoised reconstructions convey additional discriminative information that 
is beneficial for automated AMD classification. 

Patient-level Diagnostic Impact of Denoising: Patient-level correctness transition heatmap 
comparing noisy and denoised OCT-based diagnoses.  

Denoising resulted in substantial recovery of previously misclassified patients without 
introducing diagnostic errors as shown in Figure 6 (a). Forest plot showing proportions of improved 
and degraded diagnoses after denoising. All discordant cases favored improvement, with no 
observed degradation as shown in Figure 6 (b). 
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(a) Patient-level “before → after” correctness 

heatmap 
(b) Forest plot: Improvement vs. Degradation 

Figure 6. Patient-level Diagnostic Impact of Denoising- (a) Patient-level “before → after” correctness heatmap; 
(b) Forest plot: Improvement vs. Degradation. 

3.3.5. Performance Evaluation 

Class-Imbalance Aware Diagnostic Performance: To address severe class imbalance in the 
BanglaOCT2025 dataset (DryAMD = 54, WetAMD = 61, NonAMD = 742), class-wise confusion 
matrices were aggregated using a one-vs-rest strategy. This analysis reveals that denoising 
substantially improves sensitivity across all disease categories while maintaining or improving 
specificity as shown in Table 10.  

Table 10. Class-wise aggregated confusion matrix analysis. 

Class Condition TP FN FP TN Sensitivity Specificity 
DryAMD Noisy 42 12 208 595 0.7778 0.7407 
DryAMD Denoised 54 0 1 802 1 0.9988 
WetAMD Noisy 13 48 30 766 0.2131 0.9623 
WetAMD Denoised 60 1 0 796 0.9836 1 
NonAMD Noisy 537 205 27 88 0.7237 0.7652 
NonAMD Denoised 742 0 0 115 1 1 

The most noticeable gain was observed for WetAMD, where sensitivity increased from 0.213 to 
0.984, effectively eliminating missed diagnoses. Importantly, no increase in false positives was 
observed after denoising, confirming that performance gains were not achieved at the expense of 
diagnostic specificity. 

Due to the severe class imbalance, evaluation relied primarily on class-imbalance aware metrics. 
When noisy OCT volumes applied on FFSwin classification model, the model achieved a balanced 
accuracy of 0.5715, macro F1-score of 0.4496, and Matthews correlation coefficient (MCC) of 0.2912, 
indicating limited robustness under noise as shown in Table 11. 

After applying the proposed self-supervised denoising pipeline, performance improved 
dramatically. Balanced accuracy increased to 0.9945, macro F1-score to 0.9942, and MCC to 0.9952. 
Cohen’s kappa rose from 0.2426 to 0.9952, indicating near-perfect agreement beyond chance as shown 
in Table 11. 

Table 11. Class-imbalance aware performance comparison before and after denoising. 

Metric Noisy Data Denoised Data Δ Improvement 
Overall Accuracy 0.6908 0.9988 0.308 

Balanced Accuracy 0.5715 0.9945 0.423 
Macro Precision 0.4742 0.9939 0.5197 
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Macro Recall 0.5715 0.9945 0.423 
Macro F1-score 0.4496 0.9942 0.5446 

Weighted F1-score 0.7472 0.9988 0.2516 
MCC 0.2912 0.9952 0.704 

Cohen’s Kappa 0.2426 0.9952 0.7526 

Notably, WetAMD sensitivity increased from 0.2131 to 0.9836, representing a critical clinical 
improvement in detecting the most vision-threatening condition as shown in Table 12. These gains 
confirm that denoising substantially enhances diagnostic reliability across all disease categories 
without bias toward the majority NonAMD class. 

Table 12. Per-class sensitivity (recall) comparison. 

Class Noisy Recall Denoised Recall 
DryAMD 0.7778 1 
WetAMD 0.2131 0.9836 
NonAMD 0.7237 1 

After applying the proposed self-supervised denoising pipeline, performance improved 
dramatically. Balanced accuracy increased to 0.9945, macro F1-score to 0.9942, and MCC to 0.9952. 
Cohen’s kappa rose from 0.2426 to 0.9952, indicating near-perfect agreement beyond chance. 

Interpretation of Performance Metrics: Prior to denoising, the classifier failed to detect the 
majority of WetAMD cases, representing a high-risk scenario for missed progressive disease. After 
denoising, the model correctly identified nearly all disease cases across categories, substantially 
reducing missed diagnoses. This improvement is especially important for WetAMD, where timely 
detection directly influences treatment outcomes. Notably, the gain in sensitivity did not come at the 
expense of specificity; false positives were rare, indicating that denoising enhances diagnostic 
confidence without increasing unnecessary referrals. 

Under noisy conditions, positive AMD predictions were often unreliable. Following denoising, 
precision exceeded 98% for all disease classes, suggesting that positive predictions can be interpreted 
with high clinical confidence. The marked improvement in F1-score reflects a balanced reduction in 
both missed cases and false alarms, confirming that performance gains are not driven by class 
imbalance or trivial predictions. 

Improvements in balanced accuracy further demonstrate that denoising enables consistent 
performance across DryAMD, WetAMD, and NonAMD cases, rather than favoring the majority class. 
Near-perfect values of MCC and Cohen’s kappa indicate strong agreement with expert annotations 
and confirm that the observed accuracy is robust and unbiased. Together, these findings support the 
role of volumetric denoising as a key enabler of reliable OCT-based AMD diagnosis. 

Overall, class-imbalance–aware metrics show that the FFSwin-based denoising approach 
markedly improves diagnostic performance by reducing missed AMD cases while maintaining near-
perfect specificity. The close agreement with expert annotations highlights the importance of 
volumetric denoising for reliable OCT-based AMD diagnosis. 

3.3.6. Reference-Free Evaluation of Denoising on Real OCT Volumes 

As the noise-free OCT references are unavailable in clinical practice, denoising performance was 
evaluated using patient-wise, reference-free metrics that compare noisy and denoised volumes, 
following established real-world evaluation protocols [8,37,39]. 

Noise reduction was assessed using local variance, while structural preservation and volumetric 
coherence were evaluated through edge strength and inter-slice consistency. All metrics were 
computed on paired patient scans, with noisy volumes resized to match denoised images, ensuring 
fair and spatially aligned comparisons. 
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Evaluation Metrics: Because noise-free OCT references are not available, denoising performance 
was evaluated using complementary reference-free metrics, following standard practices in 
biomedical image analysis when clean ground truth data are unavailable [8,21,33,39]. Changes in 
local noise variance (ΔLNV) were used to measure residual speckle noise, with lower values 
indicating effective noise reduction without over-smoothing [32,33] The Edge Strength Preservation 
Ratio (ESPR), computed from Sobel gradients, was used to assess how well anatomically meaningful 
boundaries were preserved after denoising [42,43]. Volumetric coherence was evaluated using the 
change in inter-slice correlation (ΔISC), which measures improvements in structural consistency 
between adjacent B-scans along the depth axis [11]. Finally, changes in Shannon entropy (Δ Entropy) 
were used to assess reductions in randomness while preserving meaningful retinal structures [44,45]. 

All metrics were computed per patient and then aggregated class-wise for DryAMD, WetAMD, 
and NonAMD cohorts. Class-wise mean reference-free denoising metrics are summarized in the 
Table 13. 

Table 13. Class-wise mean reference-free denoising metrics. 

Class Δ LNV ESPR Δ ISC Δ Entropy 
DryAMD 0.0015 0.269 0.2859 4.183 
WetAMD 0.0018 0.2684 0.2963 4.1497 
NonAMD 0.0012 0.2829 0.2695 4.2225 

Interpretation: Across all disease categories, the denoising framework demonstrates consistent 
and balanced improvements: 

Noise Suppression (Δ LNV): Low and tightly clustered ΔLNV values (≈ 0.001– 0.002) across all 
classes indicate effective noise reduction without excessive smoothing. The slightly lower values 
observed for NonAMD are consistent with its more uniform retinal structure. 

Edge Preservation (ESPR): ESPR values are consistent across classes (≈ 0.27– 0.28), showing that 
the denoising process preserves retinal layer boundaries and lesion edges. This is particularly 
relevant for WetAMD, where accurate delineation of fluid pockets and neovascular features is 
clinically important. 

Volumetric Consistency (Δ ISC): Positive ΔISC values for all categories reflect improved 
coherence between adjacent B-scans after denoising. The higher ΔISC (0.2963) observed in WetAMD 
suggests that the model effectively stabilizes structurally variable pathological volumes by 
leveraging inter-slice context. 

Structural Regularization (Δ Entropy): Marked reductions in entropy (≈ 4.15– 4.22)  indicate 
suppression of stochastic noise while maintaining meaningful retinal texture. Similar entropy 
changes across classes suggest that the denoising behavior is consistent and not biased toward any 
specific disease group. 

Visual Distribution Analysis: The patient-wise distributions in Figure 7 show that denoising 
performance is consistent across diagnostic groups despite strong class imbalance. Similar ΔISC and 
ESPR patterns across classes indicate stable preservation of inter-slice coherence and anatomical 
edges, supporting the robustness of the proposed approach under real-world clinical variability. 
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Figure 7. Class-wise boxplots of the four reference-free metrics. 

Clinical Relevance and Downstream Impact: The gains in volumetric coherence and edge 
preservation are reflected in downstream performance, where the same FFSwin classifier achieves 
99.88% accuracy on BanglaOCT2025 after denoising. Reference-free analysis confirms that this 
improvement arises from meaningful noise suppression and structural stabilization rather than 
artificial smoothing. Overall, the proposed FFSwin-based denoising framework demonstrates robust 
behavior across resolutions and disease categories, preserves anatomical integrity, and provides a 
reliable preprocessing step for clinical OCT analysis. 

3.3.7. Qualitative Visual Assessment of Denoising Performance 

To complement quantitative analysis, representative OCT B-scans from DryAMD, WetAMD, 
and NonAMD cases were visually examined. Figures 8–13 compare the noisy inputs, FFSwin-
denoised outputs, absolute difference maps, and zoomed retinal regions of interest. Across all 
categories, denoising markedly reduces speckle noise—particularly in the vitreous and deeper retinal 
layers—while preserving clinically relevant retinal anatomy. Difference maps indicate that the 
restoration primarily targets high-frequency noise with minimal impact on underlying retinal 
structure. 

 

Figure 8. Qualitative denoising results for a DryAMD case. 

DryAMD Cases: As shown in Figure 8, the DryAMD example exhibits clear speckle noise 
reduction after FFSwin-based denoising, leading to improved layer contrast. Retinal boundaries, 
particularly in the outer retina, appear more continuous and less fragmented. The difference map 
indicates that changes are mainly confined to homogeneous background regions, suggesting targeted 
noise suppression rather than structural modification. 
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Figure 9. Zoomed retinal region of interest (ROI) for the DryAMD case. 

Figure 9 shows a zoomed retinal ROI from the same DryAMD case, where denoising reduces 
local intensity fluctuations and improves intra-layer uniformity. Layer transitions appear smoother 
while overall retinal morphology is preserved, with no visible artificial edges or spurious structures. 

 

Figure 10. Qualitative denoising results for a NonAMD case. 

NonAMD Cases: Figure 10 presents a NonAMD example. In the noisy scan, speckle noise 
disrupts layer uniformity, particularly in the inner retina. After denoising, retinal layers appear more 
homogeneous and clearly defined, reflecting effective noise suppression. 

 

Figure 11. Zoomed retinal region of interest (ROI) for the NonAMD case. 

The ROI in Figure 11 shows that denoising preserves normal foveal contour and retinal 
thickness. The difference map indicates that changes are mainly noise-related rather than structural. 

WetAMD Cases: WetAMD examples (Figure 12) represent the most challenging scenario Due to 
the presence of highly reflective lesions, fluid accumulations, and shadowing artifacts. Despite these 
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complexities, the denoised image retains critical pathological features such as hyperreflective regions 
and subretinal fluid contours, while substantially reducing background speckle. 

 

Figure 12. Qualitative denoising results for a WetAMD case. 

 

Figure 13. Zoomed retinal region of interest (ROI) for the WetAMD case. 

In the zoomed ROI (Figure 13), the denoised output exhibits improved contrast between lesion 
regions and surrounding tissue, which may facilitate downstream classification and clinical 
interpretation. The difference map again indicates that the denoising primarily targets stochastic 
noise rather than disease-specific signal patterns. 

Across all diagnostic categories, the qualitative results show effective speckle noise reduction 
without over-smoothing, preservation of retinal layers and disease-related structures, absence of 
visible artifacts, and consistency with improvements observed in reference-free metrics and 
downstream classification performance. 

These visual findings corroborate the quantitative improvements reported earlier and support 
the suitability of the proposed FFSwin-based denoising framework for real-world OCT analysis, 
particularly in settings where clean reference images are unavailable. 

3.3.8. Why Quantitative Metrics (PSNR, SSIM, MSE) Are Not Included 

The quantitative denoising metrics are intentionally omitted for the following reasons: 
• No available clean ground truth for real OCT volumes: Self-supervised denoising cannot be 

directly benchmarked using reference-based metrics. 
• The purpose of denoising is functional, not comparative: The FFSwin denoiser is used as a 

preprocessing backbone for AMD classification. 
• Indirect validation through diagnostic accuracy: Our classifier trained on denoised volumes 

achieves 99.88% accuracy, which strongly indicates structural preservation and useful noise 
suppression. 
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• Novel dataset (BanglaOCT2025): No public baselines exist for fair cross-model comparison. 
The goal is diagnostic enhancement, not denoising benchmarking. 
Collectively, the results demonstrate that fovea-centric volumetric abstraction combined with 

self-supervised denoising fundamentally alters the diagnostic utility of OCT data. Across 
quantitative, statistical, and qualitative evaluations, the proposed pipeline consistently improves 
structural coherence, suppresses speckle noise without anatomical distortion, and enables near-
perfect downstream AMD classification under severe class imbalance. 

4. Discussion 

4.1. Principal Findings 

This study introduces BanglaOCT2025, the first clinically validated optical coherence 
tomography (OCT) dataset representing the Bengali population, together with a fovea-centric 
volumetric abstraction strategy and a self-supervised volumetric denoising framework based on a 
Flip-Flop Swin Transformer backbone. The principal findings of this work are threefold. First, fovea-
centric extraction of a fixed 33-slice sub-volume substantially reduces volumetric redundancy while 
preserving diagnostically critical macular structures. Second, the proposed self-supervised denoising 
approach effectively suppresses speckle noise and enhances volumetric coherence without requiring 
clean reference images. Third, denoising leads to a statistically and clinically significant improvement 
in downstream age-related macular degeneration (AMD) classification, particularly under severe 
class imbalance. 

Overall, these results show that anatomically guided preprocessing and volumetric denoising 
can substantially enhance the diagnostic value of real-world OCT data, particularly in resource-
limited clinical settings where acquisition noise and variability are common. 

4.2. Comparison with Existing OCT Datasets and Processing Paradigms 

Most public OCT datasets (e.g., Duke OCT, OCTA-500, AROI) retain full volumes or 
angiography-centric scans, which include many peripheral slices with limited relevance for macular 
disease and increased computational burden. In contrast, BanglaOCT2025 adopts a clinically driven, 
fovea-centric design that reflects routine ophthalmic assessment focused on the central macula. By 
standardizing each volume to a 33-slice foveal stack, the dataset balances anatomical coverage with 
efficiency, concentrates learning on regions rich in AMD biomarkers, and improves interpretability. 
To our knowledge, BanglaOCT2025 is the first population-specific OCT dataset to formalize this 
fovea-centric volumetric paradigm. 

4.3. Clinical Relevance of Self-Supervised Volumetric Denoising 

Speckle noise is an inherent challenge in OCT imaging, often masking subtle retinal details and 
limiting both visual assessment and automated analysis. Unlike supervised denoising approaches 
that require synthetic noise models or clean reference images—which are unavailable in clinical 
settings—the proposed method performs fully self-supervised denoising using only noisy OCT 
volumes. Consistent improvements across reference-free metrics, together with qualitative visual 
evidence, indicate effective noise suppression while preserving retinal layers and pathological 
features, supporting the clinical usability of the restored images. 

4.4. Interpretation of Diagnostic Performance Gains 

The improvement in AMD classification performance observed after denoising is statistically 
significant and indicates enhanced diagnostic reliability. In particular, WetAMD sensitivity increased 
from 21.3% on noisy data to 98.4% on denoised volumes, a change that was confirmed by paired 
McNemar’s testing to be highly significant. This result warrants careful interpretation. 
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WetAMD contains subtle, spatially localized features—such as subretinal fluid and neovascular 
changes—that are highly sensitive to speckle noise. The denoising process restores these cues, 
allowing previously missed cases to be correctly identified. Paired analysis further shows that 
denoising primarily resolves prior errors without introducing new misclassifications, reducing the 
likelihood that the observed gains arise from overfitting or data leakage. 

4.5. Class Imbalance and Robustness Considerations 

AMD datasets are naturally imbalanced, with NonAMD cases dominating clinical data. To 
account for this, performance was assessed using class-aware metrics, including balanced accuracy, 
MCC, and Cohen’s kappa. Although overall accuracy increased after denoising, the larger gains in 
balanced accuracy and MCC indicate that improvement reflects genuine recovery of disease-relevant 
structure rather than majority-class bias. Because the same classifier and weights were used before 
and after denoising, these gains can be attributed directly to noise suppression. 

4.6. Clinical and Practical Implications 

From a practical perspective, the proposed framework offers two main benefits. Fovea-centric 
processing reduces storage and computational demands, supporting use in resource-limited settings, 
while the denoising module can be applied as a standalone preprocessing step without altering 
existing classifiers. This makes integration into current OCT analysis pipelines straightforward. Such 
characteristics are especially relevant for large-scale screening programs, where image quality and 
hardware capabilities may vary. The reported results should be viewed as upper-bound performance 
under controlled evaluation rather than a guarantee of universal diagnostic accuracy. 

4.7. Limitations 

This study has several limitations. First, although BanglaOCT2025 represents a significant step 
toward population-specific OCT resources, future extensions incorporating multi-center and multi-
vendor data will further strengthen generalizability. Second, while reference-free metrics provide 
valuable quantitative insights, they cannot fully replace subjective assessment by retinal specialists. 
Third, the present work focuses exclusively on AMD; extension of the proposed framework to other 
retinal diseases remains to be investigated. Additionally, although classification results are near-
ceiling after denoising, they should be interpreted as evidence of restored diagnostic signal rather 
than as a claim of universal generalization. 

4.8. Future Directions 

Future work will focus on multi-center data acquisition to improve generalizability, longitudinal 
analysis of disease progression, and extension of the fovea-centric denoising paradigm to additional 
retinal pathologies such as diabetic macular edema and glaucoma. Public release of BanglaOCT2025 
is also planned to facilitate benchmarking and foster further research on population-aware 
ophthalmic AI. 

5. Conclusions 

This study introduces BanglaOCT2025, the first clinically validated optical coherence 
tomography dataset representing the Bengali population, together with a robust fovea-centric 
volumetric preprocessing and self-supervised denoising framework. By integrating anatomically 
informed slice selection with transformer-based volumetric restoration, the proposed pipeline 
substantially enhances OCT image quality without reliance on clean reference data. Extensive 
quantitative, statistical, and qualitative analyses show that the proposed denoising reliably recovers 
clinically relevant retinal structures and supports near-optimal AMD classification even under strong 
class imbalance. These results highlight the importance of volumetric denoising for real-world OCT 
analysis and position BanglaOCT2025 as a valuable resource for ophthalmic AI research. Beyond 
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AMD, the proposed fovea-centric volumetric restoration paradigm may generalize to other retinal 
diseases in which subtle structural cues are obscured by acquisition noise. 
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