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Background: Accurate identification of outer retinal bands (ORBs) on spectral-domain optical coherence 
tomography (SD-OCT) is clinically important for the assessment and monitoring of several retinal diseases. 
However, manual segmentation of these ORBs is time-consuming and subject to considerable intra- and 
inter-observer variability. Deep convolutional neural networks (dCNNs) offer a promising approach for 
achieving more consistent and reproducible segmentation of retinal microstructures, yet their performance 
for individual ORBs and their dependence on grader reliability remain insufficiently characterized. The 
aim of this study was to compare manual grading and different dCNN architectures for the segmentation 
of individual ORBs in healthy subjects, while assessing the reproducibility of human annotations and the 
performance of automated methods.
Methods: A cross-sectional observational study was conducted using foveal-centered SD-OCT scans 
obtained from healthy participants. Manual segmentation of the second hyperreflective band (Band 2), the 
third and fourth hyperreflective bands (Band 3+4) and photoreceptor outer segments (POS) was performed 
by two trained graders using onboard OCT software. Reproducibility was assessed using the intraclass and 
interclass correlation coefficient (ICC). Human annotations were used to train different dCNNs pretrained 
with Sparse masked modelling on unlabelled data. The performance of the dCNNs was evaluated using dice 
score and pixel difference analyses.
Results: One hundred eyes of healthy subjects were included. The intraclass correlation values were 0.737 
(0.689, 0.779), 0.830 (0.795, 0.860) and 0.878 (0.852, 0.900), and the ICCs were 0.104 (−0.049, 0.253), 
0.810 (0.740, 0.862) and 0.752 (0.678, 0.812) for Band 2, Band 3+4 and POS, respectively. From the dCNN, 
DRUNET showed the best performance: 0.916 for Band 2, 0.924 for Band 3+4 and 0.910 for POS. Pixel 
difference analysis between DRUNET and grader 1 showed a deviation of 0.89±0.44.
Conclusions: Manual segmentation of ORBs demonstrated moderate to high repeatability, whereas Band 
2 segmentation showed low reproducibility. DRUNET outperformed other dCNN architectures, showing 
great potential to reduce inter-observer variability.
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Introduction 

Photoreceptors (PhR) are highly organized and complex 
light-sensitive cells that are subdivided into defined 
compartments with functionally related organelles (1). 
On spectral-domain optical coherence tomography (SD-
OCT), these structures can be seen as four distinctive 
hyper-reflective OCT bands. The outer segments of the 
PhR (POS) are opposed to the retinal pigment epithelium 
(RPE) and form an interdigitation zone (IZ) in which the 
apical processes of the microvilli of the RPE envelop the 
POS (2). This region separates the hyperreflective Band 
3 (cone phagosomes, PhaZ) from Band 2, formed by the 
inner segment (IS) of the ellipsoids (EZ) (3). Separating 
Band 2 from the outermost hyperreflective Band 1 (external 
limiting membrane, ELM) is the cone myoids (3) (Figure 1).  
This microanatomy follows an intricate system that has 
neurophysiological, optical and metabolic features, enabling 
a successful visual cycle. A detailed understanding and 
identification of normal and pathologic morphologic 
patterns of this structure has important implications for 
the diagnosis, treatment and progression of various retinal 
diseases (2,4,5). Careful assessment of these bands is 
clinically relevant in degenerative conditions such as age-
related macular degeneration, where alterations in the 
ellipsoid zone (EZ) and IZ may reflect disease progression 
and treatment response (6,7). Similarly, disruptions in the 
outer retinal bands (ORBs) are key imaging features in 
inherited retinal dystrophies (8) and diabetic macular edema, 
and have increasingly been used as structural endpoints 
in clinical trials (9). In clinical practice, this assessment is 
based on OCT analysis. However, detailed measurement 
of these layers requires a high level of clinical expertise and 
can be very time consuming (4), showing variability when 
measured, especially in bands with thickness similar to the 
resolution of commercial OCT devices (10). 

Deep learning networks (DLNs) have been used to 
support the identification, extraction and analysis of features 
difficult for human physicians to interpret (5,11,12). Recent 
reviews have further highlighted the rapid progress of DLN 
methods in ophthalmic imaging and OCT-based analysis 

(13,14). With promising results, these techniques can also 
provide consistent and reproducible measurements less 
susceptible to subjective differences among evaluators, as 
shown in different medical areas (15,16). The application 
of these techniques to OCT images enabled the automatic 
identification of specific retinal lesions, such as macular 
edema (17,18) and choroidal neovascularization (19), as well 
as the differentiation between ORBs and other anatomical 
structures, including the choroid (20) and cornea (21). 
Approaches using image filtering (22), pixel-profiling and 
edge enhancing (23), and OCT-specific deep convolutional 
neural network (dCNN) (24,25) achieved impressive results 
in the segmentation of different structures in the retina. 
Among the CNNs specifically modified for retinal layer 
segmentations, Two-Dimensional U-Net are used to directly 
segment retinal layers from individual B-scans, using a 
pixel-wise classification (26,27). Others use shape-based 
regressions to return more smooth segmentations (28),  
attention mechanisms that focus on relevant features (29)  
and also Cascaded U-Nets in cases of more severe 
pathologies (30). However, most studies prevent the 
individual characterization of ORBs given the wider retinal 
regions evaluated and integrated in each deep learning 
dataset (23,31-33), a feature that already showed clinical 
relevance for disease differentiation (34). Our study utilizes 
individual retinal labelling of each ORB, and the ability of 
semantic segmentation in dCNN, given their capability 
to classify each pixel individually (35), for the accurate 
characterization of relevant retinal layers.

Pretrained networks have also been used in several 
dCNNs, especially in medical imaging as a solution to 
deal with limited labelled data (28,36), improving learning 
of generic structures (37). Sparse masKed modeling 
(SparK) (38), a bidirectional encoder representation 
from transformers (BERT)-style self-supervised learning 
framework, that allows unmasked patches to be treated as 
sparse voxels and use sparse convolution to encode them. 
While making it suited for any convolutional network 
(Convnet), it also reports superior learning of visual 
representations when compared to other self-supervised 
transformers (39).
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Figure 1 Visualization of the hyperreflective bands. Example of a fovea centered B-scan of a normal patient. A central patch highlighted in 
red shows the hyperreflective bands numbering and their locations. PhR, photoreceptors; POS, photoreceptor outer segments. 

Hereby, we evaluated the performance of different 
approaches for the segmentation of ORBs, i.e., manual 
segmentation vs. dCNN architectures, by evaluating dCNN 
outputs and reproducibility of the manual annotations. We 
present this article in accordance with the TRIPOD+AI 
reporting checklist (available at https://qims.amegroups.
com/article/view/10.21037/qims-2025-aw-2093/rc).

Methods

The study was conducted in accordance with the 
Declaration of Helsinki and its subsequent amendments. 
The study was approved by the Ethics Committee of 
the Lisbon School of Health (ESTeSL) (CE-ESTeSL-
No.59-2024). Informed consent was taken from all the 
patients. A cross-sectional, observational study based on 
foveal-centered SD-OCT B-scans of healthy subjects—
was conducted at the retina clinic of ULS Almada-Seixal, 
Portugal from September to December 2024. Participation 
was voluntary, with no associated costs, payments, or 
rewards. Participants were informed that they could 
discontinue their participation at any time without any 
penalties or financial implications.

Anonymized SD-OCT scans (Spectralis; Heidelberg 
Engineering, Heidelberg, Germany) were obtained 
and retrospectively analyzed from a study dataset (IPL/
IDI&CA2024/INSYDE_AMD_ESTeSL).  Imaging 

consisted of high-resolution macular volume scans (20°×20°, 
49 B-scans, 7 frames per scan, each containing 1,024 
A-scans per B-scan, with a depth resolution of 3.9 µm). 
For each macular volume scan, nine horizontal B-scans 
were analyzed—one centered on the fovea and four located 
superiorly and inferiorly, each spaced 125 µm apart from 
the adjacent scan. Each patient was previously evaluated by 
an ophthalmologist.

As a recruitment strategy, following comprehensive 
ophthalmological evaluation, participants were selected 
among patients attending the clinic for cataract assessment 
(pre- or postoperative) or those presenting unilateral 
surgical conditions such as macular hole or epiretinal 
membrane, provided that the fellow eye showed no signs 
of retinal pathology. Only eyes confirmed as structurally 
healthy were included; additionally, the ophthalmologist 
confirmed that all images met the quality standards required 
for clinical assessment.

Exclusion criteria included any scan in which the ORBs 
were insufficiently distinguishable to allow a reliable 
definition of the hyperreflective layers, SD-OCT B-scans 
with an inclination greater than 10°—measured as the angle 
between the line connecting the outermost retinal points 
in each scan and the horizontal plane—and patients with 
myopia or hyperopia exceeding 3 dioptres.

Fifty-five subjects (50% male) contributed to this study. 
The mean [standard deviation (SD)] age at baseline was 

https://qims.amegroups.com/article/view/10.21037/qims-2025-aw-2093/rc
https://qims.amegroups.com/article/view/10.21037/qims-2025-aw-2093/rc
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63.9 (12.2) years, the mean (SD) best-corrected visual acuity 
(BCVA) was 79.6 (10.5) letters. Ten eyes were excluded due 
to insufficient differentiation between the EZ and IZ. A 
total of 900 OCT B-scans from 100 eyes were included in 
the dataset.

B-scans were analysed by two experienced graders in 
image segmentation that, using the investigational software 
(SPX 1902; Heidelberg Engineering) onboard caliper and 
at 400% magnification, segmented the internal and external 
boundaries of Band 2, the photoreceptor outer segments 
(POS), and Band 3+4 at the whole length of the OCT 
B-scan, as seen in Figure 2. Band 2 was defined as the EZ of 
the PhR (3). Band 3 and Band 4 were defined as respectively 
the contact cylinder between the RPE apical processes and 
the external portion of the cone OS, and the RPE (3). POS 
were defined as the space between the external boundary of 
Band 2 and the internal boundary of Band 3.

Manual segmentation of hyperreflective bands was 
performed twice, where the second measurement was 
performed at least two days later and masked from the 

first one. Each labelled image was further analysed to 
automatically identify the foveal center (40) and to compute 
the thickness value of each band at 7 specific coordinates at 
the x-axis: foveal center, and at 500, 750 and 1,000 µm nasal 
and temporal to the foveal center (Figure 3), as previously 
described (34). The thickness value of each band at the 
above-mentioned coordinates was exported as a .csv file for 
further analysis.

In this study, all analyses were performed at the image 
level. Each OCT B-scan was treated as an independent 
observation because the objective was to assess segmentation 
performance for each individual image, both for human 
graders and for the deep learning models. The performance 
metrics used—interclass correlation coefficient (ICC), mean 
absolute error (MAE), pixel differences and Dice scores—
quantify agreement between segmentation methods within 
the same image and do not involve subject-level statistical 
inference. Therefore, no correction for within-subject 
clustering (multiple images from the same eye or two eyes 
from the same participant) was required.

B CA

Figure 2 Manual segmentation of the three regions of interest. Example of a healthy B-OCT cropped in the center fovea with manual 
annotations by one of the two graders. (A) The upper and lower red lines correspond to the inner and outer boundaries of Band 2, 
respectively. (B) The upper and lower red lines correspond to the inner and outer boundaries of the POS region, respectively. (C) The upper 
and lower red lines correspond to the inner boundary of Band 3 and the outer boundary of Band 4, respectively. OCT, optical coherence 
tomography; POS, photoreceptor outer segments.
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Figure 3 Sub images used to measure the repeatability in different locations of the fovea. Representation of the fovea detection algorithm 
in a B-OCT image, and the respective cropped images corresponding to the central fovea, parafovea, perifovea and the intermediate region 
between the parafovea and perifovea. OCT, optical coherence tomography. 

The difference between the two measurements of 
the same grader evaluated the intraclass correlation, 
or repeatability, while the difference between each 
independent grader evaluated the interclass correlation, or 
reproducibility (41). B-scans segmented by grader 1 were 
used as the ‘ground truth’ to test the following dCNNs from 
the literature: U-Net (42), U-Net++ (43), SegResNet (44)  
and DRUNET (45). 

Each OCT B-Scan was cropped at the center of the 
fovea to obtain two images of a standardized 256×256 
pixels. Dataset augmentation was performed through the 
following techniques: contrast enhancement, gaussian 
noise introduction, and image flipping. Images were then 
randomly assigned at the patient level to the training, 
validation, and test sets, with 70%, 15%, and 15% of the 
images, respectively, ensuring that scans from the same 
patient were not included in more than one subset.

Previously to train each individual dCNN, a SPARK 
framework with unlabelled data from three different public 
OCT databases (46-48), approved by the corresponding 
ethical review board, was trained for 50 epochs. The output 
from trained autoencoder with 53,000 OCT B-scans was 
dimensioned so the weights would be introduced as the 
first encoder layer of each individual dCNN. After 5 initial 
epochs, the weights were unfrozen, and the fine tuning with 
the labelled images was continued.

Each  dCNN was  run  for  50  epochs ,  o r  unt i l 
convergence. Each model was trained on a weighted loss 
with both Dice loss and binary cross entropy loss (39). The 
Adam Optimizer was utilized as an optimization technique 
and regularization techniques included early stopping and 
dropout in every hidden layer. Model’s performance was 
measured with four different performance metrics: Dice 
score, precision, recall, and pixel-accuracy (49). Deep 
learning algorithms and statistical analysis were performed 
in Python (version 3.11.5) using PyTorch framework, 
and training was performed in an Intel(R) Core (TM) i7-
6700K CPU, NVIDIA Titan X GPU with a 16GB DIMM 
RAM. Training each model took between 6 and 8 hours 
and inference time on our test set was only a few hundred 
milliseconds, as compared with algorithms reported in the 
study by Tian et al. (50), ranging from 28 to 152 seconds. 
The framework proposed for this project is illustrated in 
Figure 4 The full code for this project, excluding the OCT 
data, is available in the GitHub repository (40).

Results

A total of 100 eyes were evaluated and annotated by each 
grader. The intraclass correlation and interclass correlation 
values are summarized at Tables 1,2, respectively. Intraclass 
correlation values showed good repeatability for the 
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Figure 4 Pipeline of the research project. After acquiring the images from the Spectralis SD-OCT machine (input data square), two 
methods were tested to segment three different retinal structures, one involving manual annotations performed by two different graders 
(top row), and one with a DL approach, that in the end was evaluated against the ground truth annotations for various evaluation metrics. 
3D-OCT, three-dimensional optical coherence tomography; DL, deep learning; POS, photoreceptor outer segments; SD-OCT, spectral-
domain optical coherence tomography.

Table 1 Intraclass correlation and average pixel differences for both graders in the three regions of interest 

Grader Region ICC
95% confidence interval

Avg Diff (pixels)
Lower bound Upper bound

1 Band 2 0.737 0.689 0.779 1.384

Band 3+4 0.830 0.795 0.860 1.812

POS 0.878 0.852 0.900 1.444

2 Band 2 0.565 0.451 0.660 1.547

Band 3+4 0.888 0.844 0.922 2.906

POS 0.789 0.724 0.841 1.390

Average Band 2 0.651 0.570 0.720 1.466

Band 3+4 0.859 0.820 0.891 2.359

POS 0.834 0.788 0.896 1.417

Repeatability of each grader to perform 3 different structure segmentations with its respective confidence intervals and average pixel 
differences between measurements. Each second measurement was performed at least two days later and masked to the first one. 
Avg Diff, average difference; Band 2, ellipsoid zone; Band 3+4, interdigitation zone of photoreceptors (IZP, Band 3) and retinal pigment 
epithelium (RPE, Band 4); ICC, intraclass correlation coefficient; POS, photoreceptor outer segments.

identification of Band 3+4 and POS, while identification 
of Band 2 displayed moderate values. Likewise, interclass 
correlation values showed good reproducibility for the 
identification of Band 3+4 and POS, while identification 
of Band 2 displayed poor reliability, according to the 

evaluation metrics used by Koo and Li (51). 
dCNNs performances are summarized in Table 3. Dice 

scores varied between 83.8% and 93.0%, corresponding to 
a mean deviation of 1.02±0.49 pixels compared to grader 1 
manual segmentation. DRUNET architecture achieved the 
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Table 2 Interclass correlation and average pixel differences between the measurements of the two graders

Grader Region Interclass correlation
95% confidence interval

Avg Diff (pixels)
Lower bound Upper bound

Grader 1/grader 2 Band 2 0.104 −0.049 0.253 3.818

Band 3+4 0.810 0.740 0.862 2.832

POS 0.752 0.678 0.812 2.992

Reproducibility for both graders to perform 3 different structure segmentations with its respective confidence intervals and average pixel 
differences between measurements. Band 2, ellipsoid zone; Band 3+4, interdigitation zone of photoreceptors (IZP, Band 3) and retinal 
pigment epithelium (RPE, Band 4). Avg Diff, average difference; POS, photoreceptor outer segments.

best results (Figure 5).

Discussion

In this study, we addressed the challenge of OCT outer 
bands segmentation in healthy subjects. We observed 
good intra-grader repeatability for the segmentation of 
both the POS and Band 3+4, whereas Band 2 showed only 
moderate intra-grader agreement and poor agreement 
between different graders. Different dCNNs were able to 
segment all bands with high accuracy, with UNET network 
achieving the best results. 

S o m e  s t u d i e s  h a v e  s h o w n  c o n s i s t e n t  m a n u a l 
segmentation of 12 layers of the retina in foveal centered 

OCT B-scans (10,52). Ghorbel et al. showed intraclass 
mean squared error of 2.487±0.71, on the segmentation of 
the outer segments + RPE, while other studies reported 
ICC ranging from 0.68 to 0.99, in the regions relevant to 
our study, reporting lower values for the segmentation of 
Band 2, agreeing with our observations. 

The second hyperreflective band in OCT has been 
considered one of the most challenging structures to 
accurately segment (53). The normalization of pupil 
entry position and enhanced depth imaging (EDI) have 
great impact in EZ reflectivity. In the same manner, the 
presentation of OCT images in either logarithmic or 
linear scale and the lack of consensus on a standardized 
normalization method may impact the comparison of EZ 

Table 3 Segmentation results for the three different regions of interest 

Model Region Dice Accuracy Precision Recall Avg Diff (pixels)

UNET Band 2 0.896 0.995 0.902 0.897 0.745

Band 3+4 0.930† 0.993 0.927 0.935 1.251†

POS 0.883 0.995 0.904 0.867 0.762

UNET++ Band 2 0.902 0.996 0.900 0.913 0.660

Band 3+4 0.873 0.990 0.960 0.834 2.082

POS 0.838 0.994 0.934 0.798 0.970

DRUNET Band 2 0.916† 0.996 0.884 0.935 0.654†

Band 3+4 0.924 0.993 0.922 0.928 1.397

POS 0.910† 0.996 0.891 0.913 0.610†

SegResNet Band 2 0.904 0.995 0.891 0.926 0.672

Band 3+4 0.908 0.991 0.912 0.906 1.771

POS 0.890 0.995 0.899 0.885 0.705

Each model was trained and evaluated with the annotations from grader 1 for each region and tested with the following performance 
metrics. †, best Dice score and Avg Diff for each region. Band 2, ellipsoid zone; Band 3+4, interdigitation zone of photoreceptors (IZP, 
Band 3) and retinal pigment epithelium (RPE, Band 4). Avg Diff, average difference; POS, photoreceptor outer segments.
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Figure 5 Comparison between a right-cropped B-OCT image (upper) and the binary annotation masks overlaid with the output of the 
DRUNET network for the segmentation of three retinal regions (lower), shown in red. The upper image shows a B-OCT scan from a 
healthy subject that was not included in the training dataset. The lower image shows the three regions of interest segmented in white, as 
annotated by one grader, with the corresponding DRUNET predictions overlaid in red. The numbered labels indicate the segmented 
layers: 1, Band 2; 2, POS; 3, Band 3+4. The segmented layers in the lower image are intentionally displayed with increased spacing for 
visualization purposes and do not represent their true anatomical distances in the B-OCT scan. OCT, optical coherence tomography; POS, 
photoreceptor outer segments. 

reflectance across different studies (54). Importantly, a 
low sampling rate in the transverse direction—that is, a 
reduced number of A-scans per B-scan for a given field of 
view—can diminish lateral resolution and hinder the clear 
differentiation of outer retinal morphology (55). Beyond 
challenges in image acquisition, the blurred transitions 
between the myoid zone and POS have also been identified 
in the literature as factors that make the segmentation of 
the EZ particularly challenging. 

Additionally, our analysis confirmed that the variability 
observed for Band 2 was largely driven by grader-specific 
differences. Although both graders were trained and 
experienced, grader 2 showed higher intra-observer 
variability and a consistent positional bias when delineating 
this ultrathin layer, which contributed significantly to the 
reduced inter-grader ICC. Even for grader 1 (considered 
ground truth),  Band 2 presented the lowest ICC, 
highlighting that small discrepancies in marking its inner 
and outer boundaries have a disproportionate impact due to 
its minimal thickness.

Topographic analysis showed that manual segmentation 
of outer bands in the foveal pit achieved the best intra 
and interclass correlation values in comparison with the 
segmentation of outer bands in perifoveal locations (see 
Table S1). This observation aligns with previous studies 
evaluating outer bands in healthy subjects. Histology 
studies have shown different topographic distribution of 
light sensitive PhR cells in the macula, the central fovea 

exclusively with cones, that have longer POS, and the 
perifoveal with a predominance of rod cells, with shorter 
POS (56). We conjecture that the physiologic elongation of 
POS at the central foveal facilitates the segmentation of this 
hyporeflective band in OCT at this location. As mentioned 
by other studies, the absence of inner retinal layers at the 
foveal center is associated with less light scattering and 
projection of retinal vessels at the outer retina (57,58). 
The ensemble of these observations might account for a 
more precise identification of POS and therefore the upper 
and lower boundaries of Band 2 and Band 3, with higher 
reproducibility values at the foveal pit compared with 
perifoveal measurements.

Apart from the performance metrics evaluated for each 
dCNN, these models were also compared with reported 
work on automatic segmentation of larger retinal areas, 
where, for example, a differentiation between the EZ 
and the POS was not performed (59), underscoring the 
importance of the individual segmentation of these regions. 
Other papers face the same problem, where, through 
U-Net-like structures, Dice scores of 95% were achieved, 
but failed to distinguish between the sublayers in their 
studies (60,61).

Pekala et al. (24) applied fully convolutional networks 
(FCNs) with Gaussian processes for post-processing and 
reported average pixel differences of 1.18 pixels between 
the outer plexiform layer (OPL) and the outer nuclear layer 
(ONL) compared to manual annotators. Fang et al. (62) 

https://cdn.amegroups.cn/static/public/QIMS-2025-AW-2093-Supplementary.pdf
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achieved below 2 pixels variations for non-exudative AMD 
patients, in the same regions analyzed by Roy et al. (31) 
that further reported Dice scores of 0.92 and 0.90 when 
segmenting between the first and second hyperreflective 
bands and the POS + Band 3 + Band 4 regions, respectively. 
Rivas Vázquez et al. (28) also segmented nine retinal layers 
and the optic disc, achieving Dice scores of 83.6%. In our 
study, we observed smaller pixel differences and maintained 
similar Dice scores, even for smaller segmentation regions.

DRUNET is a dCNN widely used for segmentation 
of retinal structures. Kugelman et al. (20) employed 
DRUNET for choroidal segmentation and showed MAE 
under 0.5 pixels in the delimitation of the internal limiting 
membrane (ILM) and the RPE. Our results showed 
comparable performances across all networks evaluated, 
suggesting that the high quality of the input data allowed 
all architectures to converge towards a similar performance 
ceiling. This highlights the importance of data quality in 
optimizing segmentation performance and suggests that 
simpler architectures, when paired with high-quality data, 
may suffice for segmenting specific retinal structures.

Limitations addressable in future studies include the 
relatively small dataset, the limited resolution of the OCT 
device used for the image acquisition and the observer error 
within each measurement. Although the study utilized over 
900 images for training and validation, it lacks diversity in 
terms of disease types, limiting the broader applicability and 
generalizability of the project. For future test segmentations 
with clinically diagnosed patients, this limitation should be 
addressed, and one should consider increasing the dataset, 
improving the dCNNs’ ability to handle unseen scenarios, 
reduce segmentation errors, and possibly aid disease 
differentiation (34).

Another limitation is the use of commercially available 
OCT images instead of High-Res OCT, which restricts 
the amount of fine structural detail available for training. 
Studies have reported significant differences in terms 
of retinal layer thickness in most of the macular sectors 
when comparing a commercial device to a High-Res OCT  
device (63). Incorporating High-Res OCT images 
in future work could help reduce noise and artifacts, 
improve annotation accuracy, and enhance the network’s 
performance.

Finally, the potential for inaccuracies in the manual 
segmentation of retinal layers must be acknowledged. 
Despite careful annotations, small and complex structures 
such as the ORBs pose challenges, and observer error 
cannot be entirely excluded. Additionally, grader-specific 

variability contributed to differences in the delineation of 
thinner structures, particularly Band 2. Grader 2 showed 
higher intra-observer variability and a consistent positional 
bias when marking this layer, helping explain the lower 
inter-grader ICC. Even with a standardised protocol and 
trained evaluators, manual segmentation of ORBs remains 
sensitive to human-dependent inconsistencies. Importantly, 
these inconsistencies directly affect the algorithm, as the 
network was trained and validated using these manual 
annotations. Consequently, the segmentation results for 
Band 2 should be interpreted with caution, and Band 2 
cannot be considered a fully reliable output of the proposed 
model in this study. Including additional graders and 
adopting consensus or adjudication protocols may help 
reduce this source of variability in future work.

Although there are already models automatically 
segmenting retinal structures, these specific locations are not 
individually segmented and have already proven importance 
in disease characterization and differentiation (34).

Conclusions

In conclusion, the high repeatability observed for the 
POS and Band 3+4 contrasts with the reduced intra- 
and intergrader agreement for Band 2, emphasizing the 
particular difficulty of accurately segmenting this layer 
by hand. Our findings also highlight that grader-specific 
segmentation behaviour, particularly for ultrathin layers 
such as Band 2, contributes significantly to inter-observer 
variability. dCNNs particularly the DRUNET architecture, 
achieved high precision in segmenting these structures, 
highlighting their potential to reduce variability in human 
measurements and improve segmentation reliability. These 
findings support further exploration of dCNNs as a robust 
tool for clinical implementation in the segmentation of 
retinal structures.
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Table S1 Intraclass correlation coefficient (ICC) and average pixel differences for regions around the central fovea analysed by two graders 

Location Image type Region ICC
95% confidence interval

Avg diff (pixels)
Lower bound Upper bound

Center fovea Grader 1 Band 2 0.764 0.629 0.855 1.227

Band 3+4 0.848 0.745 0.912 1.965

POS 0.864 0.778 0.918 1.602

Grader 2 Band 2 0.698 0.417 0.857 1.854

Band 3+4 0.776 0.549 0.897 3.243

POS 0.749 0.503 0.883 2.130

500 µm Grader 1 Band 2 0.730 0.630 0.806 1.361

Band 3+4 0.715 0.601 0.800 1.992

POS 0.746 0.652 0.817 1.380

Grader 2 Band 2 0.598 0.379 0.753 1.544

Band 3+4 0.722 0.523 0.841 3.405

POS 0.093 -0.130 0.330 2.711

750 µm Grader 1 Band 2 0.697 0.588 0.781 1.551

Band 3+4 0.852 0.787 0.898 1.632

POS 0.800 0.723 0.857 1.316

Grader 2 Band 2 0.539 0.305 0.712 1.411

Band 3+4 0.860 0.719 0.927 2.897

POS 0.316 0.052 0.543 2.074

1000 µm Grader 1 Band 2 0.732 0.633 0.807 1.345

Band 3+4 0.837 0.766 0.887 1.658

POS 0.730 0.630 0.806 1.477

Grader 2 Band 2 0.539 0.301 0.714 1.411

Band 3+4 0.870 0.748 0.931 2.917

POS 0.577 0.352 0.739 1.756

Repeatability of each grader to perform 3 different structure segmentations with its respective confidence intervals and average pixel 
differences between measurements. Each second measurement was performed at least two days later and masked to the first one. The 
central fovea detection algorithm was used to compare the repeatability in the different regions around the central fovea. ICC, intraclass 
correlation coefficient; Avg Diff, average difference; Band 2, ellipsoid zone; Band 3+4, interdigitation zone of photoreceptors (IZP, Band 3) 
and retinal pigment epithelium (RPE, Band 4); POS, photoreceptor outer segments.
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