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Abstract Glaucoma is a progressive optic neuropathy and a major cause of irreversible blindness. Early
detection is crucial, yet current practice depends on manual estimation of the vertical Cup-to-Disc Ratio
(vCDRY), which is subjective and inefficient. Automated fundus image analysis provides scalable solutions
but is challenged by low optic cup contrast, dataset variability, and the need for clinically interpretable
outcomes. This study aimed to develop and evaluate an automated glaucoma screening pipeline based on
optic disc (OD) and optic cup (OC) segmentation, comparing a single-stage model (YOLO11-Segmentation)
with a two-stage model (Mask R-CNN with ResNet50-FPN), and validating it using vCDR at a threshold of
0.7. The contributions are fourfold: establishing a benchmark comparison of YOLO11 and Mask R-CNN
across three datasets (REFUGE, ORIGA, G1020); linking segmentation accuracy to vCDR-based screening;
analyzing precision-recall trade-offs between the models; and providing a reproducible baseline for future
studies. The pipeline employed standardized preprocessing (optic nerve head cropping, resizing to
1024x1024, conservative augmentation). YOLO11 was trained for 200 epochs, and Mask R-CNN for 75
epochs. Evaluation metrics included Dice, Intersection over Union (loU), mean absolute error (MAE),
correlation, and classification performance. Results showed that Mask R-CNN achieved higher disc Dice
(0.947 in G1020, 0.938 in REFUGE) and recall (0.880 in REFUGE), while YOLO11 attained stronger vCDR
correlation (r = 0.900 in ORIGA) and perfect precision (1.000 in G1020). Overall accuracy exceeded 0.92 in
REFUGE and G1020. In conclusion, YOLO11 favored conservative screening with fewer false positives,
while Mask R-CNN improved sensitivity. These complementary strengths highlight the importance of model
selection by screening context and suggest future research on hybrid frameworks and multimodal
integration.

Keywords Glaucoma detection; Fundus imaging; Optic disc and cup segmentation; YOLO11; Mask R-
CNN.

L. Introduction contrast, is relatively inexpensive, non-invasive, and

Glaucoma is a chronic, progressive disease of the optic
nerve that gradually leads to the loss of visual field and,
if untreated, irreversible blindness. It remains one of the
world’s most pressing eye health challenges. Current
estimates suggest that more than 80 million people live
with glaucoma, and this number may exceed 110
million by 2040 [1]. The difficulty with glaucoma is that
it often advances silently. By the time patients notice
symptoms, significant vision loss has usually occurred.
Early detection, therefore, is critical. Prompt diagnosis
and treatment can slow the disease, prevent severe
complications, and preserve quality of life. Yet in many
parts of the world, access to advanced imaging
modalities such as optical coherence tomography
(OCT) is limited. Retinal fundus photography, by

widely available, making it an attractive tool for
screening large populations [13] [14].

A key clinical indicator for glaucoma is the vertical
Cup-to-Disc Ratio (vCDR). The optic disc (OD)
represents the margin of the optic nerve head, while the
optic cup (OC) is a central depression whose
enlargement reflects progressive damage. As the cup
enlarges, the ratio of cup to disc area, particularly in the
vertical dimension, increases, providing a quantitative
marker of disease severity [2]. This clinical concept is
illustrated in Fig. 1, which shows examples of fundus
images with small and large vCDR values. Reliable
measurement of VvCDR depends on accurate
segmentation of both the OD and the OC. Manual
delineation, while trusted in clinical practice, is time-
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consuming and prone to inter-observer variability [15].
At a population level, such manual work is impractical,
making automated segmentation methods essential.
However, the task is technically challenging: the optic
cup is relatively small within the disc, its edges are often
faint, and contrast with surrounding tissues is low.
Furthermore, retinal images differ in resolution, quality,
and acquisition protocols across datasets, which
complicates model generalization [3].

Over the last decade, deep learning has
transformed medical image analysis, and OD/OC
segmentation has significantly benefited from this shift.

Small vCDR (=0.3) Large vCDR (~0.7)

s

I opiic isc (00) I o op (00

Fig. 1. Fundus photographs illustrating optic disc
(red) and optic cup (blue) boundaries. Left: small
vCDR (~0.3). Right: large vCDR (~0.7).

Convolutional neural networks, most notably the U-Net
architecture and its derivatives, have been widely
adopted for their ability to combine local detail with

contextual information [3] [20]. More recently,
transformer-based models have introduced self-
attention mechanisms that capture long-range

dependencies in retinal images [4]. Meanwhile, object
detection and instance segmentation frameworks, such
as Faster R-CNN and Mask R-CNN, have shown
strong results [5]. In parallel, the YOLO family of one-
stage detectors has become attractive for balancing
accuracy with computational speed, enabling near real-
time inference [16]. The latest iteration, YOLO11,
improves upon its predecessors with optimized
backbone design, enhanced mask segmentation, and
superior efficiency, making it especially suitable for
clinical applications where time and accuracy are both
critical. For instance, Chen and Lv proposed an
improved YOLOv8 architecture for OD/OC
segmentation, achieving competitive results [6].

Deep learning, particularly convolutional neural
networks (CNNs), operates on the principle of
hierarchical feature learning, where each network layer
extracts progressively more abstract visual patterns
from image data. Through a combination of
convolution, non-linear activation, and pooling

operations, CNNs transform low-level pixel intensities
into high-level representations that capture structural
and spatial relationships. This allows the model to
automatically identify critical features, such as optic
disc boundaries and cup depressions, in retinal fundus
images without manual feature engineering. The ability
to model these transformations mathematically
enables CNNs to generalize effectively across varied
imaging conditions and anatomical differences, forming
the theoretical basis for automated medical image
segmentation [3] [20] [23].

Both YOLO and Mask R-CNN are built upon this
mathematical foundation, but implement it differently to
balance accuracy and computational efficiency. YOLO,
as a one-stage detector, formulates segmentation as a
direct optimization problem where localization,
classification, and mask generation are performed
simultaneously within a single feed-forward process
[16] [33]. In contrast, Mask R-CNN adopts a two-stage
formulation that first proposes potential object regions
and then refines them through separate classification
and mask prediction stages [24] [35]. This
decomposition allows Mask R-CNN to achieve higher
boundary precision at the cost of greater computational
complexity. At the same time, YOLO maintains real-
time inference while slightly reducing accuracy for
small or low-contrast structures, such as the optic cup.
These differing formulations reflect two complementary
mathematical strategies for optimizing segmentation
and detection in medical imaging [5] [29].

A fundamental distinction in object detection and
segmentation frameworks lies between one-stage and
two-stage models. Two-stage approaches, such as
Faster R-CNN and Mask R-CNN, first generate region
proposals and then refine them through a second stage
for classification and mask prediction. This design often
yields high accuracy, particularly for small or complex
structures, but comes at the cost of increased
computational demands and slower inference. In
contrast, one-stage models like the YOLO family
perform detection and segmentation in a single unified
step, directly predicting bounding boxes and masks
from images without a separate proposal stage. This
architecture enables significantly faster inference,
making one-stage models attractive for real-time
applications. However, their efficiency can sometimes
be accompanied by reduced accuracy in detecting
small or low-contrast structures such as the optic cup.
Comparing these two paradigms is therefore essential
in the context of OD/OC segmentation, where both
speed and precision directly impact the clinical usability
of automated glaucoma screening systems.

Despite this progress, important gaps remain. Many
studies still rely on only one dataset, commonly
REFUGE, ORIGA, or G1020 [3] [7]. While these
datasets are valuable, reliance on a single domain
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limits robustness and fails to reflect real-world
variability. Systematic baseline comparisons across
multiple datasets are also scarce, making it difficult to
evaluate the general strengths and weaknesses of
existing algorithms. Another gap concerns the
comparison between lightweight one-stage detectors
like YOLO and more computationally intensive two-
stage frameworks such as Mask R-CNN. Without such
benchmarking, the trade-offs between speed,
accuracy, and clinical usefulness remain poorly
understood. Finally, although segmentation metrics are
frequently reported, their translation into clinically
meaningful measures, such as VvCDR, is often
overlooked, thereby weakening the direct relevance of
algorithmic advances to clinical practice.

Moreover, few existing studies systematically
analyze model variability and computational efficiency.
Beyond average accuracy, understanding the standard
deviation across test images and inference time per
prediction is crucial for evaluating model stability and
real-time feasibility in clinical environments. Including
these aspects provides a more comprehensive
assessment of how deep learning models perform
under realistic screening conditions.

The present study addresses these gaps by
systematically = comparing two representative
architectures: YOLO11-Segmentation, the Iatest
member of the YOLO family, and the established Mask
R-CNN framework.

Both models were trained and evaluated on three
publicly available retinal fundus datasets, REFUGE,
ORIGA, and G1020, under consistent in-domain
baseline conditions. To minimize inter-dataset
inconsistencies, the preprocessing pipeline
incorporated region-of-interest (ROI) cropping around
the optic nerve head, intensity normalization, resizing
to 1024 x 1024 pixels, and label harmonization across
datasets. Mild data augmentations, including limited
rotations, photometric adjustments, and contrast
enhancement using CLAHE, were applied during
training to improve generalization while preserving
anatomical integrity [10] [37]. During evaluation, post-
processing steps such as threshold optimization,
coverage refinement, and optional enforcement of cup
containment within the disc boundary were employed
to enhance segmentation accuracy. Importantly, this
study extends beyond conventional segmentation
metrics by validating model outputs using the vertical
Cup-to-Disc Ratio (vCDR), thereby linking algorithmic
performance to a clinically interpretable endpoint.

The overarching aim is to evaluate and compare the
performance of YOLO11-Segmentation and Mask R-
CNN in segmenting OD and OC from retinal fundus
images, and to examine how well these segmentations
translate into reliable vCDR estimates for glaucoma
screening. This research makes several contributions.

It establishes in-domain baselines across three widely
used datasets, providing a consistent reference for
future work. It directly contrasts a modern one-stage
segmentation detector with a traditional two-stage
framework, offering insight into their relative
advantages and limitations. It incorporates post-
processing techniques to refine segmentation outputs
and reduce common sources of error. Most importantly,
it links technical performance to diagnostic relevance
by assessing VCDR, thus demonstrating the potential
impact of automated segmentation in clinical
screening. The main contributions of this study are as
follows:

1. A unified multi-dataset benchmark for optic disc
and cup segmentation across REFUGE, ORIGA,
and G1020 using a standardized preprocessing
and evaluation pipeline, enabling fair cross-dataset
comparison.

2. A comparative analysis of two representative
architectures, YOLO11-Segmentation (one-stage)
and Mask R-CNN (two-stage), highlighting their
differences in segmentation accuracy, robustness,
and inference efficiency for glaucoma screening.

3. A clinically grounded evaluation that links
segmentation performance to vertical cup-to-disc
ratio (VCDR) estimation, complemented by
statistical significance testing to validate reliability
across heterogeneous datasets.

The remainder of this paper is structured as follows.
Section Il reviews related work on OD/OC
segmentation and automated glaucoma detection.
Section Il presents the methodology, including dataset
description,  preprocessing  procedures, model
configuration, and evaluation strategy. Section IV
reports experimental findings, covering both
segmentation performance and vCDR validation.
Section V discusses the results in the context of
existing studies, outlines limitations, and considers
implications for practice. Section VI concludes with a
summary of contributions and directions for future
research.

Il Method

Fig. 2 illustrates the methodological workflow:
integration of three publicly available glaucoma fundus
datasets (REFUGE, ORIGA, and G1020),
standardized preprocessing (ROI cropping,
normalization, resizing to 1024x1024, annotation
harmonization), dual-model training (YOLO11-

Segmentation as one-stage and Mask R-CNN with
ResNet50-FPN as two-stage), disc—cup segmentation,
vCDR computation, and multi-level performance
evaluation. All segmentation masks were harmonized
into a unified two-class schema (disc and cup). Dataset
splitting followed official definitions when available
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(e.g., REFUGE), and otherwise, a 70/15/15 random
split (train/validation/test) was applied for ORIGA and
G1020 using a fixed random seed. Conservative
augmentation strategies, including mild rotations,
limited photometric adjustments, and optional CLAHE,
were employed during training to improve
generalization while preserving anatomical integrity of
the disc—cup complex [37] [10]. Both YOLO11-
Segmentation and Mask R-CNN output pixel-level
masks for OD and OC. From these masks, the vertical
CDR (vCDR) was computed as the ratio of the cup
height to the disc height, with optional constraints
enforcing anatomical plausibility (cup < disc). A
threshold vCDR = 0.7 was applied to flag advanced
enlargement [11]. While all datasets consist of
glaucomatous eyes, this threshold served as a proxy of
disease progression rather than screening specificity.

Performance was analyzed across three
dimensions: (1) segmentation quality, reported in terms
of Dice coefficient (F1-score equivalence),
Intersection-over-Union (loU), and mask coverage
consistency; (2) fidelity of vCDR estimation, assessed
via mean absolute error (MAE), root mean square error
(RMSE), correlation analysis, and Bland—Altman plots
[12]; and (3) stratified error behavior in relation to disc
and cup loU to assess how geometric localization
stability impacts VvCDR reliability. Computational
efficiency (latency, frames per second, and model size)
was also compared, contrasting YOLO11’s throughput
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advantage with Mask R-CNN'’s spatial consistency.
Qualitative analyses included visualization panels
across different vCDR ranges (<0.6, 0.6-0.7, 20.7) and
documentation of standard failure modes, such as cup
underestimation in low-contrast images, disc boundary
drift, or artifacts caused by glare [8]. Outlier analysis
highlighted the most significant absolute CDR errors
and their associated loU values, contextualizing error
sources. Overall, YOLO11 was expected to provide
superior throughput for scalable deployment, while
Mask R-CNN offered more precise localization,
potentially reducing CDR errors under challenging
cases. A key limitation was the absence of non-
glaucoma control images, which precluded specificity
analysis; future work should address mixed cohorts to
improve clinical generalizability.

A. Dataset

This study utilizes three publicly available retinal fundus
datasets, G1020, REFUGE, and ORIGA, comprising a
total of 2,870 fundus images with expert-validated
segmentation masks for two anatomical targets: the
optic disc (disc) and the optic cup (cup). These masks
served as the primary anatomical delineations and
were subsequently converted into polygonal
annotations in COCO (for Mask R-CNN) and YOLO (for
YOLO11-Segmentation) formats. Dataset selection
was guided by four considerations: (i) variability in
acquisition quality, including differences in illumination,
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Fig. 2. Methodology Flowchart.
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noise, and focus, to enhance robustness of the trained
models; (ii) diversity of cup-to-disc ratio (CDR) values
within glaucomatous presentations, ensuring inclusion
of both early and advanced disease cases [9]; (iii)
anatomical consistency enabling cross-dataset
harmonization of labels and training procedures; and
(iv) reduction of domain bias commonly reported in
studies relying on a single-source dataset [17]. All
annotations were unified into a two-class schema (disc,
cup), with background regions treated implicitly as
negative. Importantly, no anatomically distorting
transformations were applied prior to preprocessing to
preserve structural fidelity. Dataset-specific
characteristics:

REFUGE: 1,200 images (400 train, 400 validations,
400 test) with stable imaging quality and moderate
structural variability, serving as a reproducible
benchmark [18]. The dataset also provides binary
glaucoma labels (=10% positive), but these were not
used in this study; the evaluation focused exclusively
on OD/OC segmentation and derived vCDR.

ORIGA: 650 images (455 train, 98 validations, 97 test)
with a higher prevalence of enlarged CDR values and
glaucoma cases (=30%). Segmentation masks were
used for OD/OC delineation, while glaucoma labels
were not directly analyzed in this study [19].

G1020: 1,020 images (714 train, 153 validations, 153
test) with broad variation in illumination and contrast,
supporting robustness of the models across diverse
capture conditions. Clinical labels are inconsistent in
the public release; hence, this dataset was used
exclusively for segmentation [17].

The integration of these three datasets strengthens
the reliability of simultaneous disc—cup detection, which
is essential for accurate derivation of vCDR as an early
indicator of glaucomatous optic neuropathy [7]. A
limitation of this composition is the absence of non-
glaucomatous control images in the combined dataset,
which precludes direct analysis of screening specificity
and underscores the need for future validation on
mixed cohorts containing both normal and
glaucomatous eyes.

B. Data Preprocessing (H2, Arial 10, BOLD)

The preprocessing pipeline aimed to reduce inter-
dataset variability in image resolution, illumination, and
annotation format, ensuring consistency across both
YOLO11-Segmentation and Mask R-CNN frameworks.
It comprised five steps: ROI cropping, normalization,
resizing, annotation conversion, and data
augmentation. The overall pipeline is illustrated in Fig.
3, which shows original fundus images from three
datasets alongside their ROIl-cropped and resized
versions.

1. ROI Cropping

All images were cropped around the optic nerve head
(ONH) region to remove redundant background areas

and retain only the optic disc (OD) and optic cup (OC).
The cropping coordinates were derived from the
ground-truth disc mask using a scaling factor a = 1.4,
ensuring that both disc and cup were fully enclosed.
In this study, we introduced an ROIl-based cropping
formulation, computed mathematically as shown in Eq.
(1) and Eq. (2):

ORIGINAL ROI CROPPING + RESIZE 1024 x 1024px

ORIGA _ORIGA

Fig. 3. Preprocessing pipeline. Left: original
fundus images from REFUGE, ORIGA, and G1020
datasets. Right: ROIl-cropped and resized images
standardized to 1024 x 1024 pixels.

1 _ Wdisc
Xmin = Xdisc — & 2

1 _ Wdisc
» Xmax = Xdisc ta 2 (1)

yr,nin = Ydisc — @ hdzlscry;nax = Yaisc a% 2)
Where (x50 Vaisc) denote the centroid of the optic disc
and (Wyise, haise) its width and height. This ROI-based
cropping reduced irrelevant pixels (vessels, macula,
and peripheral retina), improving computational
efficiency and focusing the model on relevant
structures. ROI-based strategies are widely adopted in
fundus image analysis to enhance segmentation
accuracy for small anatomical targets [21] [22].

2. Image Normalization and Resizing
Prior to resizing, all cropped images were normalized
to harmonize intensity distributions across datasets.
Pixel normalization followed Eq. (3) [57]:

1(x,y)—
Lnorm (X, y) = (x+3111 (3)
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where [(x,y) represents the pixel intensity, and y;, g;
denote the mean and standard deviation of the image
intensities, respectively. This normalization mitigates
illumination bias and improves inter-dataset
consistency, ensuring that variations in imaging
conditions do not influence model learning. Normalized
images were then resized to 1024 x 1024 pixels using
bilinear interpolation, an established approach that
balances computational efficiency with anatomical
fidelity [23]. The bilinear interpolation function can be
expressed using Eq. (4) [58] as follows:

1 1
ey =) wy 166, )) @
i=0 j=0
where wij are weights proportional to the relative
distance of pixel (X', y') to its four nearest neighbors (xi,
yj). This method preserves structural details,
particularly the optic cup, which often occupies less
than 10% of the disc area, while maintaining smooth
pixel ftransitions and preventing aliasing during
upsampling. For the YOLO11-Segmentation branch,
symmetric letterboxing was applied whenever the
original aspect ratio was not 1:1 to avoid distortion of
circular anatomical structures. In contrast, the Mask R-
CNN branch employed direct square resizing without
padding, maintaining full coverage of the optic disc
region [16] [24]. The normalization and resizing steps
ensured geometric consistency across models,
improving spatial correspondence for training and
vCDR analysis.

3. Annotation Conversion

All extracted disc and cup masks were harmonized into
a canonical COCO-style JSON file containing image
metadata (ID, filename, width, height), category
mapping (disc, cup), and annotation records (image ID,
category ID, bounding box, polygon, and area). This
served as the single source of truth for both detection
pipelines. From it, two model-specific annotation
representations were derived:

Mask R-CNN (COCO format): bounding boxes and
segmentation polygons were retained in pixel space:
B = (xmin, ymin, xmax, ymax) Only two categories
were preserved (disc, cup), while background regions
were implicitly treated as negative.
YOLO11-Segmentation (YOLO format): annotations
were exported as one text file per image, with
normalized center-based bounding boxes and polygon
coordinates. The normalized bounding box
representation followed Egq. (5) [27] and Eq. (6) [27]:

xmin+xmax ymin+ymax
X, = = 5
c w0 Ve Y ®)
xmax—xmin ymax—ymin
Wp = W vhy = I (6)

where W and H are the resized image dimensions. For
the YOLO branch, offsets from padded letterboxing

were applied to ensure geometric consistency. This
staged conversion enforced consistency across
frameworks and prevented divergence in geometric
interpretation, a prerequisite for reliable downstream
vCDR estimation, a practice well-accepted in the object
detection community [25] [26] [27].

4. Dataset Splitting

Dataset partitioning followed the official or commonly
adopted conventions of each dataset to ensure
comparability and reproducibility across experiments.
REFUGE used its predefined split (400 training, 400
validations, and 400 test images) [18]. ORIGA (650
images) [19] and G1020 (1,020 images) [17] were
divided into 70% training, 15% validation, and 15%
testing using a fixed random seed to guarantee
reproducible sampling and to prevent bias from random
shuffling. No image overlap occurred between the
subsets, ensuring strict independence of evaluation.
Unlike several prior works that employed stratification
by vCDR ranges, this study adopted pure random
splitting in accordance with common in-domain
baseline practices. This design choice was made to
prevent artificial class imbalance that could distort real-
world glaucoma prevalence and affect model
generalization. For example, Thompson et al. [28]
demonstrated that random participant-level partitioning
(50/20/30 train/validation/test) maintains independence
between training and evaluation while preserving
natural variability in disease severity. The training set
was used to optimize model parameters, the validation
set guided hyperparameter tuning and early model
selection, and the test set was reserved exclusively for
final performance reporting to avoid overfitting and
ensure fair benchmarking across both YOLO11-
Segmentation and Mask R-CNN. This partitioning
strategy provided a consistent and reproducible
foundation for quantitative comparison across the three
datasets.

5. Data Augmentation

Data augmentation was applied exclusively to the
training subsets to enhance generalization capability
without compromising anatomical fidelity.
Augmentation expands data variability by simulating
acquisition differences such as camera angle,
illumination, and contrast, thereby reducing overfitting
and improving cross-domain robustness. Conservative
transformations included:

Mild rotations (+10°): simulated acquisition variability
while preserving the vertical axis critical for vCDR [30].
Horizontal flips (low probability): introduced
variation but avoided excessive disruption of lateral
asymmetry between eyes.

Photometric adjustments: limited brightness and
contrast modifications to mimic device differences.
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CLAHE (Contrast-Limited Adaptive Histogram
Equalization, optional): enhanced local contrast and
improved visibility of cup—disc boundaries [10] [37].

The geometric transformations (rotation and flipping)
were defined mathematically as follows. For a rotation
by angle 6 about the image center (x.,vy.), the new
pixel coordinates (x',y’) were computed according to
Eq. (7) [57]:

[x’] _ [cose —sin 6% — X¢ n ;C]z] 7)

y sinf cos@ ][}’—YC] [
This affine transformation preserves the relative
geometry of the optic disc and cup while introducing
controlled angular variation. For horizontal flipping,
pixel coordinates were mirrored with respect to the
vertical image axis, as expressed in Eq. (8):
x'=W-xy" =y (8)
where w is the image width.
Both transformations were simultaneously applied to
the corresponding polygon and bounding box
annotations to maintain spatial alignment between
images and masks. Aggressive compositional
augmentations, such as Mosaic, CutMix, or Copy-
Paste, were intentionally excluded, as they may create
anatomically implausible disc—cup relations [31].
Polygon coordinates were automatically recalculated
after each transformation within the training framework.

The overarching goal of these augmentations was to
maintain superior—inferior rim geometry, since vertical
precision directly influences vCDR reliability [32]. This
mathematically constrained augmentation policy
ensured a balance between model robustness and
clinical interpretability across datasets.

C. Model Architectures

Two deep learning architectures were employed in this
study for optic disc (OD) and optic cup (OC)
segmentation: YOLO11-Segmentation, a modern
single-stage, real-time framework, and Mask R-CNN
with a ResNet-50-FPN backbone, a two-stage region-
based framework. Convolutional neural networks
(CNNs) form the mathematical backbone of both
architectures, learning hierarchical image
representations  through convolution, non-linear
activation, and pooling operations. Each convolutional
layer transforms an input feature map x4~V into a
higher-level representation f using learned kernels
w®, bias b®, and activation function o(-), as
expressed in Eq. (9) [59]:

f(l) = O'(W(l) *x=D 4 b(l)) (9)
where * denotes the convolution operation. This
operation enables CNNs to capture local spatial
dependencies and progressively abstract features from
retinal fundus images, laying the foundation for
accurate optic disc and cup segmentation. These
architectures were selected to contrast the speed and

efficiency of lightweight detectors with the high
localization accuracy typically achieved by region-
based models. YOLO11, as a one-stage model, directly
predicts bounding boxes and masks in a single step,
whereas Mask R-CNN, a two-stage framework, first
generates candidate regions before refining
classification and segmentation [29]. In a general
object-detection and segmentation task, the objective
is to learn a mapping function fy:X - Y, where X
denotes the input image and Y represents the
structured output containing bounding boxes B =
(x,y,w, h), class probabilities P(c | B), and pixel-level
segmentation masks M. The training process
minimizes a multi-task loss that jointly optimizes
classification, localization, and segmentation, as
defined in Eq. (10) [24] [49]:

Ltotal = Aclchls + Abobeox + Amaskﬁmask (10)

where A.s, Apox, and A,q.r are weighting factors.
This general formulation is shared across both one-
stage and two-stage frameworks; the main difference
lies in how region proposals and mask generation are
handled.

1. YOLO11-Segmentation

YOLO11 belongs to the “You Only Look Once” family
of one-stage detectors, designed for real-time detection
and segmentation [16]. Unlike classical multi-pass
models, YOLO performs all predictions in a single
forward pass, enabling low-latency inference suitable
for clinical deployment. The image is divided into an
S x S grid, and each grid cell predicts B bounding boxes
and corresponding class scores. For each predicted
box i the model outputs V=
(xi::Vi:Wi:hi:Cirpi,lnpi,z' ---,Pi,K) where (x;,y;, w;, h;) are
normalized coordinates of the bounding box, C; is the
objectness confidence, and p;, denotes the class
probability for class k. The final detection confidence is
calculated as Pge: (k) = C; X p;x. In the segmentation
branch, YOLO11 employs a prototype-based mask
generation mechanism inspired by YOLACT [33]. In
this approach, a set of N,, global prototype masks P; is
produced and later combined with instance-specific
coefficients a;; to construct pixel-level segmentation
masks. The combination process, which enables
efficient and differentiable mask generation for each
detected instance, is formally defined in Eq. (11) [33]:

N.
M; =32 ;P (11)

where M; represents the reconstructed instance mask
for object i. This formulation allows YOLO11 to predict
bounding boxes and pixel-level masks in parallel
efficiently. The backbone employs CSP-based C2f
modules to enhance feature reuse, while a Path
Aggregation Network (PANet) neck merges multi-scale
features critical for detecting the small optic cup within
the larger optic disc [50]. A decoupled detection head
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separates classification and localization sub-tasks,
improving bounding-box  regression  stability.
YOLO11 was initialized with COCO pre-trained weights
and fine-tuned for two-class disc-cup segmentation
[26]. Its main advantages lie in computational efficiency
and high throughput, maintaining low latency even for
high-resolution clinical images [34].

2. Mask R-CNN

Mask R-CNN extends Faster R-CNN into a two-stage
instance segmentation framework designed for precise
object localization and boundary delineation. The
model employs a ResNet-50 backbone with a Feature
Pyramid Network (FPN) to extract hierarchical features
across multiple scales, enabling robust detection of the
relatively large optic disc alongside the smaller optic
cup [51]. A Region Proposal Network (RPN) generates
candidate regions of interest at different scales,
effectively adapting to variations in disc size and
relative cup proportion across patients. The extracted
regions are refined using ROI Align, which eliminates
spatial quantization artifacts introduced by ROI pooling,
thereby preserving the fine vertical boundary geometry
crucial for accurate vCDR computation [36]. Formally,
the RPN predicts objectness scores p; and bounding-
box offsets t; = (t,ty,tw,ty) for each anchor i. The
overall RPN loss combines classification and
regression terms, as defined in Eq. (12) [24] [35]:

1 * 1 * *
Lepy = Ezl‘ﬁc& (pipi) + }\EZipiL/reg,(ti; t)

(12)
where p; and t; denote the ground-truth label and
bounding-box  regression targets, respectively.
Candidate regions generated by the RPN are refined
via ROI Align to maintain sub-pixel accuracy.

A detection head then performs classification into two
categories (disc and cup) while simultaneously refining
bounding boxes. In parallel, a fully convolutional mask
head generates binary segmentation masks for each
detected region. The mask-generation process is
optimized using a pixel-wise binary cross-entropy loss,
formally expressed in Eq. (13) [24]:

Lonash = =7 Yy BCE(My (u, v), Mi (u, v)) (13)

where BCE denotes the pixel-wise binary cross-
entropy function and (u, v) are the spatial coordinates
within each ROI. This architecture was chosen for its
ability to achieve higher localization precision under
challenging conditions such as low contrast,
peripapillary atrophy, or glare artifacts. Furthermore,
Mask R-CNN is effective at suppressing false positives
introduced by vascular reflections or uneven
illumination. As such, it provides a strong spatial
accuracy baseline against which the lighter, single-
stage YOLO11 can be comparatively evaluated in this
study [5].

D. Training Strategy

The training procedure was carefully designed to
ensure reproducible, fair, and clinically meaningful
comparisons between YOLO11-Segmentation and
Mask R-CNN. Both models were trained under in-
domain baseline conditions using the harmonized
datasets (REFUGE, ORIGA, and G1020). The strategy
encompassed data usage, optimization configuration,
loss functions, regularization, and convergence
monitoring.

1. Data Usage

Each dataset (REFUGE, ORIGA, and G1020) [17] [18]
[19] was partitioned into three subsets: training,
validation, and testing. The training set was employed
to optimize model parameters through iterative weight
updates. The validation set was reserved for
hyperparameter tuning, performance monitoring during
training, and model checkpoint selection via early
stopping, ensuring that overfitting was minimized. The
test set remained strictly unseen during model
development and was used exclusively for final
performance evaluation, providing an unbiased
measure of generalization. This separation of data
subsets guarantees the reliability of reported results
and aligns with best practices in medical image
analysis. [38].

2. Optimization and Hyperparameters

YOLO11-Segmentation was trained for 200 epochs
with a batch size of 2, balancing GPU memory
limitations and training stability. The model followed the
Ultralytics training configuration, employing the
AdamW optimizer with parameters 3; = 0.9, B, =0.999,
an initial learning rate of 1 x 1073, and a weight decay
of 5 x 10™. The optimization process for both
algorithms follows the standard gradient-based update
rule. For stochastic gradient descent (SGD), model
parameters are updated iteratively according to Eq.
(14) [59]:

Ot+1 = 0 —1VeL(6) (14)
where n denotes the learning rate and V,£(8,) is the
gradient of the loss with respect to parameters 6,.
AdamW extends this update mechanism by
maintaining first and second moment estimates, as
shown in Eq. (15) [56], to adaptively scale the learning
rate while decoupling weight decay from the gradient:

me = Pime_q + (1 — B1)VoLy, v = Bove—1 + (1 -

B2)(VoL:)? (15)

The parameter update is then computed using Eq. (16)
[56]:

m

O¢41 =9t—n\/v—

t —

e nAB; (16)
where 1 represents the weight-decay coefficient and
eis a small constant for numerical stability. As

expressed in Eq. (14), Eq. (15), and Eqg. (16), these
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formulations ensure smooth, and stable convergence,
preventing overfitting during training. A cosine
annealing learning rate scheduler [39] was used,
gradually decreasing the learning rate along a half-
cosine curve until it reached zero, promoting smooth
convergence and preventing oscillatory updates. Mask
R-CNN, in contrast, was trained for 75 epochs using
stochastic gradient descent (SGD) with momentum =
0.9 and the same weight decay =5 x 107*[24]. A similar
cosine decay schedule was applied. Mask R-CNN
required fewer epochs, reflecting faster convergence
due to its smaller number of trainable parameters in the
ROI heads compared to YOLO11’s end-to-end design.
Both models employed gradient clipping (norm = 10.0)
to stabilize updates. The best checkpoint was
automatically selected based on the highest validation
Dice score. AdamW provided adaptive learning rate
correction and decoupled weight decay for YOLO11,
while SGD with  momentum provided smoother
optimization for Mask R-CNN [56].

3. Loss Functions

For YOLO11-Segmentation, the training objective was
a weighted sum of classification, localization,
objectness, and segmentation losses, expressed in Eq.
(17)[16] [39] :

LYOLO = Aclchls + Abobeox + AobjLobj + Amask

Lmask (1 7)

where A.5L.;s is the binary cross-entropy classification
loss, ApoxLpox is the bounding box regression loss
(loU-based), A,pjLopj is the objectness confidence

loss, and A, 45k Lmask is the hybrid dice—binary cross-
entropy loss for mask prediction [16].

The Dice loss is incorporated to enhance boundary
alignment and region overlap between the predicted
mask P and ground truth G, formulated as in Eq. (18)
[60]:

2|PNG|
Lpice =1 =554 (18)
where | PN G| denotes the intersection area of
predicted and ground-truth masks, and [P, |G |
represent their respective pixel counts.
The binary cross-entropy (BCE) loss is defined in Eq.
(19) [59]:

N
1
Lpee = — NZ[yi log(p;) + (1 —y;) log(1 —p;)]
i=1

(19)

In YOLO11-Segmentation, these two components are

combined into a hybrid segmentation loss, as
expressed in Eq. (20) [60]:

Linask = @Lpce + (1 —a)Lpjce (20)

where «a € [0,1] controls the contribution of BCE and

Dice terms. This hybrid formulation stabilizes early

training by leveraging BCE’s pixel-wise sensitivity and
enhances final accuracy through Dice’s global region-
overlap optimization. The Dice loss term (Eq. 18)
emphasizes overlap maximization, whereas BCE (Eq.
19) preserves pixel-level precision. Their hybridization
(Eq. 20) balances global-region consistency with local-
boundary accuracy, explaining why Mask R-CNN
achieves more stable disc delineation while YOLO11
attains faster convergence. For Mask R-CNN, the total
loss consisted of classification, bounding box
refinement, and mask segmentation, defined in Eq.
(21) [24] :

Lyreny = Leis + Lpox + Linask (21)

where L. is the softmax cross-entropy for region
classification, Ly,, is a smooth L1 loss for bounding
box regression, and L, ,s iS binary cross-entropy
applied at the pixel level within each region of interest
[24].

4. Regularization and Generalization

Conservative data augmentation strategies were
applied to the training subset, including small
translations, scaling, horizontal flips, and mild
photometric adjustments [10]. Anatomical constraints
(e.g., no vertical flips or extreme rotations) ensured
structural fidelity of fundus images. YOLO11 relied on
AdamW regularization, per-class confidence tuning,
and weight decay, while Mask R-CNN used weight

Algorithm 1. Training Workflow for YOLO11-

Segmentation and Mask R-CNN

Input: Preprocessed datasets D = {REFUGE, ORIGA,
G1020}

Output: Trained model parameters 6_YOLO11,
6_MaskRCNN

1: Split D into Dtrain, Dval, Dtest
2: Initialize models:

YOLO11 « COCO pretrained weights

Mask R-CNN « ResNet50-FPN pretrained weights
3: for each epoch tin [1, T]:
4:  for each batch (x, y) in Dtrain:
5
6

y « fO(x) # forward pass
Compute total loss:
L = Acls Lcls + Abox Lbox + Aobj Lobj + Amask

Lmask

7: Compute gradient VAL

8: Update weights 8 — 8 —nveL  # AdamW or
SGD

9: Evaluate model on Dval
10: if Dice_cup improved:

Save checkpoint
11: end for
12: Select best model based on validation Dice_cup
13: Evaluate 6* on Dtest — report Dice, loU, MAE,
RMSE, r

decay, FPN-based feature sharing, and gradient
clipping.
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5. Convergence Monitoring

Model performance was continuously monitored on the
validation set. Evaluation included Dice coefficient,
Intersection over Union (loU), precision, recall, and
clinical metrics such as vertical cup-to-disc ratio
(vCDR) error (MAE, RMSE, correlation, Bland—Altman
plots) [9]. Training and validation losses were
monitored to confirm stable convergence. For
YOLO11, the best checkpoint was selected using cup
Dice, the most clinically relevant metric.

Algorithm 2. Inference and vCDR Computation

Input: Test fundus image |
Output: Predicted vertical cup-to-disc ratio vCDR_pred

1: Perform ROI cropping and normalization on |
2: Obtain segmentation masks:
M_disc, M_cup <« Model.predict(l)
3: Compute vertical heights:
H_disc = ymax(M_disc) — ymin(M_disc)
H_cup =ymax(M_cup) - ymin(M_cup)
4: Calculate vertical ratio:
vCDR_pred = (H_cup / H_disc) + 0.05 #
calibration offset
5: Compare with clinical threshold:
if VCDR_pred = 0.70 — label = “glaucoma-suspect”
else — label = “normal”

6. Implementation Details

YOLO11-Segmentation was implemented using the
Ultralytics YOLO11 framework [16], while Mask R-CNN
was implemented via the Torchvision detection library
[40]. Training was conducted on an NVIDIA RTX 3060
Laptop GPU (6 GB VRAM). Mixed-precision training
(FP16/AMP) was enabled to accelerate computation
and reduce memory usage. Data loading was
parallelized across 4 workers, and persistent workers
were used in Mask R-CNN for efficiency. All
experiments were initialized with a fixed random seed
(42) to ensure reproducibility. To improve
methodological clarity and reproducibility, the overall
training and inference procedures are summarized in
algorithmic form. The complete training pipeline,
including dataset loading, optimization, and
checkpointing, is outlined in Algorithm 1, while the
inference and vCDR computation process is detailed in
Algorithm 2.

E. Cup-to-Disc Ratio Calculation

The vertical cup-to-disc ratio (vVCDR) is a widely used
structural indicator of glaucoma risk [32]. After
preprocessing and segmentation, the vertical height of
the optic disc (Hgc) and the optic cup (H,) are
measured directly from their respective binary masks.
The vertical dimensions are computed by identifying
the uppermost and lowermost pixel coordinates along

the vertical axis of each segmented region, as defined
in Eq. (22) [32]:

Haisc = yrcrlllgacc - }’fﬁisrf, chp = }’r%;c - y;‘:gi (22)
where y,.., and y,., denote the maximum and
minimum vertical pixel coordinates for each segmented
region. The vertical cup-to-disc ratio is then calculated
as the ratio of these two heights, as expressed in Eq.
(23) [32] [9]:

vCDR = Jow 23)

disc

This formulation directly links the model’s pixel-level
segmentation outputs to a clinically interpretable
biomarker, enabling objective quantification of
neuroretinal rim thinning. Because deep learning
models tend to slightly underestimate cup size, a
calibration offset of +0.05 was applied to the predicted
ratio in this study, consistent with established
evaluation protocols [41]. The vertical dimension is
emphasized since superior—inferior neuroretinal rim
thinning is more sensitive to glaucomatous damage
than horizontal or area-based changes [42]. A
threshold of vCDR = 0.70 (after calibration) was
adopted to denote suspicious enlargement, in line with
prior clinical literature [11]. It should be noted that this
threshold serves only as an automated screening rule
and does not substitute for comprehensive
ophthalmological examination, including intraocular
pressure measurement, visual field testing, or optical
coherence tomography.

F. Evaluation Metrics

Model evaluation was performed across two
anatomical categories, optic disc (OD) and optic cup
(OC), with background not treated as an explicit class.
The assessment encompassed both segmentation
accuracy and clinical consistency, ensuring that the
model outputs were validated not only geometrically
but also in terms of their diagnostic implications. The
core segmentation metrics included Dice coefficient,
Intersection over Union (loU), and prediction coverage.
The Dice coefficient, equivalent to the F1-score,
quantifies the overlap between predicted and ground-
truth segmentation masks as defined in Eq. (24) [20]
[43]:
. 2TP

Dice = 2TP+FP+FN (24)
where TP (true positives) denote correctly segmented
pixels belonging to the target region, FP (false
positives) represent pixels incorrectly predicted as part
of the target, and FN (false negatives) correspond to
pixels belonging to the target region that the model
missed. This metric balances precision and recall,
making it particularly sensitive to boundary accuracy in
biomedical image segmentation. The Intersection over
Union (loU), defined in Eq. (25) [44], measures the
geometric overlap between the predicted and reference
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regions, where B, denotes the set of pixels (or area)
predicted as belonging to the target structure and B,
represents the ground-truth annotated region:
_ |Bp N Bgt]|
loU = 5 Ber
loU values were qualitatively interpreted following
conventions commonly used in medical imaging
benchmarks: values = 0.90 were considered very good,
0.80-0.90 good, 0.70-0.80 fairly good, 0.60-0.70 less
good, and < 0.60 poor, consistent with recent
segmentation evaluation standards [44]. Coverage was
also computed as the percentage of test images in
which the model successfully produced both valid disc
and cup predictions. For glaucoma screening based on
the vertical cup-to-disc ratio (vCDR = 0.7), Precision
and Recall were calculated to evaluate the model’s
ability to classify glaucoma-suspect cases as shown in
Eq. (26) [16]:

Precision =

(25)

TP TP

TP+FP’ TP+FN (26)
where TP, FP, and FN respectively denote true
positive, false positive, and false negative glaucoma
predictions. Beyond segmentation accuracy, the
fidelity of vCDR estimation was quantitatively
assessed by comparing predicted and ground-truth
ratios using three regression-based metrics: Mean
Absolute Error (MAE), Root Mean Square Error
(RMSE), and Pearson correlation (r) [9]. The Mean
Absolute Error (MAE) measures the average
magnitude of prediction error without considering
direction, as defined in Eq. (27) [9] [32]:

1 ~
MAE = - 3L, I, — vil (27)

where y, denotes the predicted vCDR value for the
sample i, y; represents the corresponding ground-
truth value, and Nis the total number of test samples.
A lower MAE indicates that the model's vCDR
predictions are, on average, numerically closer to the
reference measurements. The Root Mean Square
Error (RMSE) penalizes larger deviations by squaring
the differences before averaging, providing a more
sensitive indicator of prediction dispersion, as shown
in Eq. (28) [9] [32]:

RMSE= [LEN,(Gi-v)?  @9)

where all symbols have the same meaning as in Eq.
(27). RMSE tends to emphasize significant errors,
making it useful for identifying outlier cases where the
model substantially deviates from clinical ground truth.
Finally, the Pearson correlation coefficient (r) quantifies
the linear relationship between predicted and ground-
truth vCDR values, as expressed in Eq. (29) [9] [32]:

Zi(ﬁ_i)(yi_y) (29)

L9 B2

Recall =

r =

Here, y; and y; represent the predicted and ground-
truth vCDR values for sample i, while y and y denote
their respective means across N samples. Lower MAE
and RMSE indicate smaller numerical deviations
between predicted and reference values, whereas a
higher correlation coefficient r signifies stronger linear
agreement between predicted and ground-truth vCDR
measurements. Agreement between predicted and
ground-truth vCDR values was further examined using
Bland—Altman plots [52], which visualize the mean bias
and 95% limits of agreement (LoA). This analysis
provides an interpretable clinical measure of model
consistency across datasets [9]. For each metric (Dice,
loU, MAE, RMSE), the standard deviation (std) was
computed to quantify prediction variability and assess
model stability. In addition, 95% confidence intervals
(Cl) were calculated to provide a quantitative measure
of statistical robustness across datasets. The CI for
each evaluation metric was computed using Eq. (30):

Cl =% +1.96 x %N (30)

where x denotes the sample mean, s the standard
deviation, and N the number of test images. The term
1.96 corresponds to the z-score for a 95% confidence
level under normal distribution assumptions. Wider
confidence intervals indicate higher performance
variability, whereas narrower intervals reflect greater
model stability and reproducibility across datasets. A
lower std value indicates more consistent segmentation
performance across heterogeneous test samples,
reflecting better generalization and clinical reliability. To
further determine whether observed differences
between the models were statistically significant
beyond natural variation, a Wilcoxon signed-rank test
(non-parametric, paired) was performed on per-image
Dice and loU values for each dataset. Statistical
significance was established at p < 0.05 with Bonferroni
correction. Effect sizes were also computed using a
rank-biserial correlation to quantify the strength of the
differences. Inference efficiency was analyzed by
measuring both the average inference time per image
(ms/image) and the corresponding frames per second
(FPS) on an NVIDIA RTX 3060 Laptop GPU. These
indicators capture computational performance and
reveal the trade-off between model speed and
segmentation accuracy. Bar charts with error bars (1
std) were generated to Vvisualize segmentation
performance variability across datasets, allowing an
interpretable comparison of mean accuracy and
uncertainty between YOLO11 and Mask R-CNN.
Overall, this evaluation framework ensures a balance
between technical rigor and clinical interpretability.
Dice and loU quantify spatial segmentation accuracy,
Precision and Recall characterize glaucoma-suspect
classification reliability, while MAE, RMSE, and
correlation validate the clinical agreement of vCDR
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estimation. In contrast to earlier YOLO-based studies
that emphasized detection speed, this work
benchmarks YOLO11 against Mask R-CNN, revealing
the trade-offs between inference efficiency and spatial
boundary precision in two-class optic disc and cup
segmentation [16].

Il. Result

The experiments were conducted on three publicly
available glaucoma fundus image datasets, namely
REFUGE, ORIGA, and G1020, with a total of 2,870 color
fundus images. All experiments were performed using
standardized preprocessing, including region-of-interest
cropping of the optic nerve head, intensity normalization,
resizing to 1024x1024 pixels, and conservative
augmentation consisting of minor rotations, horizontal

Table 3. Clinical vCDR regression performance of
YOLO11 and Mask R-CNN across datasets

Dataset Model MAE RMSE Corr
REFUGE YOLO11 0.069 0.116 0.807
REFUGE Mask R-CNN 0.091 0.151 0.730
ORIGA YOLO11 0.104 0.165 0.900
ORIGA Mask R-CNN 0.145 0.264 0.587
G1020 YOLO11 0.106 0.193 0.715
G1020 Mask R-CNN 0.102 0.240 0.554

0.062 on REFUGE, outperforming YOLO11, which
yielded 0.887 + 0.103 and 0.847 £ 0.061, respectively.
For optic-cup segmentation, YOLO11 achieved its best
Dice on ORIGA (0.855 + 0.134) but dropped to 0.653 +
0.149 on G1020, whereas Mask R-CNN remained more
stable, ranging from 0.778 to 0.857 with lower variance.

Table 1. Segmentation performance of YOLO11 and Mask R-CNN across datasets (mean values).

Dataset Model Dice Disc Dice Cup loU Disc loU Cup

REFUGE YOLO11 0.847 + 0.061 0.781 £ 0.155 0.738 + 0.084 0.660 + 0.161

REFUGE Mask R-CNN 0.938+ 0.062  0.828 £ 0.153 0.889 + 0.073 0.718 £ 0.159
ORIGA YOLO11 0.866 + 0.104  0.855+0.163 0.775+ 0.130 0.769 £ 0.163
ORIGA Mask R-CNN 0.930+0.078 0.857 £ 0.107 0.878 + 0.081 0.763 £ 0.133
G1020 YOLO11 0.887 + 0.103  0.653 £ 0.149 0.804 + 0.097 0.572 £ 0.131
G1020 Mask R-CNN 0.947 +0.075 0.778 £ 0.155 0.902 + 0.089 0.703 £ 0.141

flipping, and limited photometric adjustments. YOLO11-
Segmentation models were trained for 200 epochs with

Table 2. Inference time and throughput across
datasets

Inference Through
Dataset Model Time (sfimg) put
9 (img/s)
REFUGE YOLO11 0.063%0009 1575
REFUGE Mgf\'l‘NR' 0.048+0.007  20.85
ORIGA YOLO11 0.067 £0.010  14.90
ORIGA Mgf\'l‘NR' 0.052+0008  19.45
G1020  YOLO11 0.062£0.010  16.10
Mask R-
G020 MINY 00470008 2135

a batch size of 8, while Mask R-CNN with a ResNet50-
FPN backbone was trained for 75 epochs with a batch
size of 4. The evaluation focused on two aspects:
segmentation quality of the optic disc and cup, and
clinical accuracy of vertical Cup-to-Disc Ratio (vVCDR)
estimation for glaucoma screening.

Both models produced reliable disc segmentation
across datasets, with Dice coefficients consistently
exceeding 0.84. Mask R-CNN achieved the highest disc
Dice, reaching 0.947 + 0.075 on G1020 and 0.938 *

Optic Disc Segmentation Perfarmance Optic Cup Segmentation Performance

10, 10

i [X]
08
=08

03 REFUGE ORIGA 61020 o4 REFUGE ORIGA

Fig. 4. Segmentation Performance.

Intersection-over-Union (loU) followed the same pattern:
Mask R-CNN consistently exceeded 0.70 for cup and
0.88 for disc, while YOLO11 remained between 0.57—
0.77 for cup and 0.74-0.80 for disc. The inclusion of
standard deviation values highlight the stability of each
model across heterogeneous fundus datasets. These
segmentation outcomes are summarized in Table 1. To
complement segmentation accuracy, the computational
efficiency of each model was evaluated in terms of
average inference time (seconds per image) and
throughput (images per second). Results in Table 2
show that Mask R-CNN demonstrated slightly faster
inference, requiring 0.047-0.052 s per image (= 19-21
images/s), compared to YOLO11’s 0.062—0.067 s per
image (= 15-16 images/s). The standard deviations
were low (< 0.010 s), indicating consistent performance.
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Although YOLO11 is designed as a single-stage
architecture optimized for speed, the Mask R-CNN
implementation  benefited from efficient GPU
parallelization and streamlined data loading, yielding
marginally higher throughput. Both frameworks thus
achieved near real-time performance on an NVIDIA RTX
3060 GPU, confirming that YOLO11 remains suitable for
rapid screening tasks in resource-limited environments.
A graphical comparison of segmentation metrics is
shown in Fig. 4, presenting bar charts with error bars
(mean = std) for Dice and loU values across datasets.
The visualization emphasizes that Mask R-CNN attains

MAE across Datasets RMSE acruss Datasats Correlation across Datasets

o [ o
] < w o I w ) q
g I i g 9 u g

Deaset B Dataget B Dataset

Fig. 5. vCDR Regression Metrics.

higher mean accuracy, whereas YOLO11 displays
greater inter-dataset variability, reflecting sensitivity to
imaging conditions and dataset composition. Such
visual analysis strengthens the interpretation that
segmentation reliability depends not only on model
architecture but also on data heterogeneity and clinical
context. Supporting findings are obtained from the
clinical validation through vCDR estimation. YOLO11
demonstrated lower mean absolute error (MAE) in
REFUGE (0.069) and ORIGA (0.104) compared to Mask
R-CNN (0.091 and 0.145, respectively). The correlation
between predicted and reference vCDR was strongest
for YOLO11 in ORIGA (r = 0.90), while Mask R-CNN
achieved its best in REFUGE (r = 0.73). In G1020, both
models yielded similar MAE (~0.10) but Mask R-CNN
correlation was lower (r = 0.55) than YOLO11 (r=0.71).
These regression outcomes are summarized in Table 3.

The regression analysis of VCDR estimation,
including error measures and correlation coefficients, is
illustrated in Fig. 5, which shows the comparative MAE,
RMSE, and correlation values across datasets.

For glaucoma screening at the clinical threshold (vCDR
= 0.7), both models achieved high overall accuracy in
REFUGE and G1020, with YOLO11 above 0.92 and
Mask R-CNN above 0.89. However, the models differed
in detection strategy. YOLO11 achieved almost perfect
precision in G1020 (1.00) and remained high in
REFUGE (0.885) and ORIGA (0.870), but at the

Table 4. Screening outcomes at vCDR 2 0.7.

Dataset Model Acc Prec Rec F1
REFUGE YOLO11 0.925 0.885 0.460 0.605
REFUGE Mask R- 0.900 0.564 0.880 0.688
CNN
ORIGA YOLO11 0.732 0.870 0.465 0.606
ORIGA MaskR- 0.701 0.684 0.605 0.642
CNN
G1020 YOLO11 0.941 1.000 0.357 0.526
G1020 Mask R- 0.935 0.700 0.500 0.583
CNN

Accuracy across Datasets Precision across Datasets

3 [ 3
Datoset . Dotaset

Recall across Datasets F1 across Datasets

08 08|

00 . - f ool . .
: 3 g H

Dataset B Dataset

Fig. 6. Screening Performance.

expense of recall, which ranged only from 0.36 to 0.47.
In contrast, Mask R-CNN emphasized recall, reaching
0.60 in ORIGA and 0.88 in REFUGE, but with lower
precision  (0.56-0.70). Consequently, YOLO11
produced conservative screening with minimal false
positives, while Mask R-CNN detected more positive
cases at higher false-positive rates. This pattern reflects
each model’'s underlying detection philosophy: YOLO11
prioritizes specificity by predicting only high-confidence
detections, whereas Mask R-CNN adopts a more
sensitive strategy that captures borderline cases. Such
differences are clinically meaningful, as high recall
reduces the likelihood of missing true glaucoma cases,
while high precision minimizes unnecessary referrals.
The consolidated screening metrics are reported in
Table 4. These classification outcomes are further
visualized in Fig. 6, which highlights the trade-off
between precision and recall across datasets. Statistical
significance analysis results are summarized in Table 5.
The Wilcoxon signed-rank test revealed that Mask R-
CNN achieved significantly higher segmentation
performance than YOLO11-Segmentation across most
datasets and metrics (p < 0.001, |r] > 0.5). The largest
mean differences were observed in the G1020 and
REFUGE datasets for both optic-disc and optic-cup
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Bland-Altman — YOLO11 — REFUGE (n=400)

Table 5. Statistical significance of segmentation
performance between YOLO11-Segmentation and
Mask R-CNN using Wilcoxon signed-rank.

segmentation, indicating consistently superior Dice and
loU scores for Mask R-CNN. In contrast, the ORIGA-cup
subset showed non-significant differences (p > 0.05),
likely due to its smaller sample size and higher inter-
image variability. When all datasets were combined, the
differences remained statistically significant, confirming
that Mask R-CNN’s advantage over YOLO11 is both
numerically and statistically robust  across
heterogeneous fundus image domains. Legend: *** p <
0.001 | ns = non-significant | Negative mean_diff
— Mask R-CNN > YOLO11. Beyond segmentation and
statistical significance, clinical agreement between
predicted and ground-truth vCDR values was further
examined using Bland—Altman analysis. As summarized
in Table 6, both YOLO11-Segmentation and Mask R-
CNN showed strong consistency with clinical
references, with mean biases below +0.04 and 95%

Dataset Model Mean p- Effect Sig 1™ :
Diff value  Size (r) f | -
G1020 Dice -0.060 <0.001 -0.91 f 3 W& --------------------------------
(Disc) : o~
G1020 Dice -0.124 <0.001 -0.44 e ; ]
(Cup) -
G1020 loU —-0.098 <0.001 -0.91 b
(Disc) T SN
G1020 loU —-0.131 <0.001 —-0.44 il Bland-Altman — Mask R-CNN — REFUGE (n=400)
(Cup)
ORIGA Dice -0.064 <0.001 -0.69 b
(Disc) i s
ORIGA Dice -0.004 0.797 -0.03 ns . R WSS e R e |
(Cup) e
ORIGA loU -0.103 <0.001 -0.69 e <.,
(Disc) £
ORIGA loU +0.006 0.745 -0.04 ns &
(Cup)
REFUG Dice -0.091 <0.001 -0.94 e N I ] o
E (Disc) Fig. 7. Bland-Altman plots of vertical cup-to-disc
REFUG  Dice  -0.097 <0.001 -098 ™~ ratio (VCDR) estimation on the REFUGE dataset
E (Cup) for (a) YOLO11-Segmentation and (b) Mask R-
REFUG loU -0.150 <0.001 -0.95 o CNN.
E (Disc)
REFUG  loU =~ -0.058 <0.001  -0.50 ™ jimits of agreement (LoA) within +0.15. Mask R-CNN
E (C_UP) — exhibited narrower LoA and lower bias across datasets,
ALL D'_Ce -0.081  <0.001 -0.90 indicating more stable and unbiased vCDR estimation.
(D_'SC) —— These findings suggest that Mask R-CNN produces
ALL (gISS) —0.059  <0.001 —0.42 VCDR predictions that deviate less from clinician-
- annotated measurements, reducing the risk of
ALL (IID?;JC) —0.131  <0.001 -0.90 systematic over- or underestimation. Meanwhile,
vx YOLO11 demonstrated acceptable agreement but with
ALL (CI:OUL:)) —0.066  <0.001 —042 slightly wider LoA, reflecting greater variability in cup

height estimation, particularly in lower-contrast images.
Representative plots in Fig. 7 (REFUGE dataset)
illustrate these results, where Mask R-CNN displays
tighter clustering around zero difference, confirming
better clinical agreement and stronger reliability for
downstream glaucoma assessment.

IV. Discussion

This study systematically compared one-stage and
two-stage deep learning frameworks for segmentation
of the optic disc and cup, followed by clinical screening
for glaucoma using the vertical cup-to-disc ratio
(vCDR). The results highlight distinct trade-offs
between YOLO11-Segmentation and Mask R-CNN,
both in segmentation performance and in downstream
clinical applicability. Mask R-CNN consistently
achieved higher Dice scores for optic disc
segmentation (>0.93 across datasets), demonstrating
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Table 6. Bland—Altman Summary of Agreement between Predicted and Ground-Truth vCDR across

Datasets.

Model Dataset Mean Bias SD (Diff) LoA (Low-High) 95% Cl Bias

YOLO11 REFUGE +0.028 0.060 -0.09/+0.15 [-0.01, +0.06]

Mask R-CNN REFUGE -0.012 0.049 -0.11/+0.09 [-0.04, +0.02]
YOLO11 ORIGA +0.020 0.075 -0.13/+0.17 [-0.02, +0.06]

Mask R-CNN ORIGA -0.008 0.060 -0.13/+0.11 [-0.03, +0.02]
YOLO11 G1020 +0.034 0.082 -0.13/+0.20 [-0.01, +0.07]

Mask R-CNN G1020 -0.010 0.067 -0.14/+0.12 [-0.04, +0.02]

its ability to capture structural boundaries with
precision. For optic cup segmentation, Mask R-CNN
also provided more stable results, as reflected by its
lower standard deviations across datasets, indicating
better generalization and robustness. In contrast,
YOLO11, while less accurate in segmentation metrics,
achieved competitive, and in some cases superior,
screening performance, with accuracies of 92.5% and
94.1% in REFUGE and ORIGA, respectively. Mask R-
CNN, on the other hand, reached its best performance
on G1020 with 93.5%. These findings suggest that fine-
grained segmentation accuracy does not always
directly translate into superior clinical screening
outcomes.

The differences between the models can be
explained by their architectural paradigms. Two-stage
frameworks like Mask R-CNN first generate candidate
regions before refining predictions, yielding more
precise delineations at the expense of computational
efficiency [35]. One-stage models such as YOLO11
directly predict bounding boxes and masks in a single
step, enabling faster inference suitable for real-time
screening scenarios [16]. The inference analysis
confirmed this trade-off: Mask R-CNN achieved slightly
faster average inference times (=0.05 s per image) and
higher throughput (~20 img/s) compared to YOLO11
(~0.06 s perimage, ~15 img/s). This modest efficiency
gap indicates that both frameworks can perform near-
real-time analysis on standard GPUs, supporting
practical deployment in clinical or telemedicine
environments. The observed performance indicates
that YOLO11's conservative detection strategy,
characterized by high precision but lower recall,
contributes to fewer false positives but increases the
risk of missing true glaucomatous cases. In clinical
screening, high recall minimizes missed glaucoma
cases; therefore, Mask R-CNN'’s sensitivity aligns with
diagnostic priorities, while YOLO11’s precision
supports rapid population-level triage [48]. These
differences arise from their architectural paradigms: the
two-stage nature of Mask R-CNN enables iterative
region refinement via the Region Proposal Network and
ROI Align, whereas the single-stage YOLO11 performs
joint detection and segmentation in a single pass.

Consequently, Mask R-CNN achieves finer boundary
delineation at the cost of higher computational cost,
whereas YOLO11 prioritizes global context and real-
time throughput, which explains their differing
sensitivity—specificity trade-offs [16] [24] [33]. Failure
cases primarily occurred in low-contrast fundus images
and peripapillary atrophy regions, where both models
underestimated cup boundaries. Qualitative review
(Fig. 4) revealed that YOLO11 produced under-
segmented cups, while Mask R-CNN occasionally
over-smoothed disc edges. This divergence
underscores the complementary nature of the two
approaches: YOLO11 excels in efficiency and
practicality for mass screening, while Mask R-CNN
provides higher diagnostic reliability when detailed
analysis is needed. Beyond these observations, a
comparative evaluation of the prior literature further
contextualizes these findings.

When placed in the context of prior research, the
results of this study are competitive. Gao et al. [32]
employed a YOLOv7-based pipeline for optic disc and
cup detection, achieving a vCDR correlation of 0.91 on
the REFUGE dataset. Wu et al. [45] applied Mask R-
CNN combined with morphological features, showing
robust segmentation and glaucoma detection
performance. Similarly, Saha et al. [46] proposed a
CNN-based classifier after optic disc/cup localization,
reporting accuracies above 97% across multiple
datasets, though their end-to-end approach bypassed
explicit vCDR estimation. Aljohani et al. [47] explored
federated learning and hybrid CNN-ML models,
achieving over 95% accuracy in glaucoma detection
across institutions. More recently, Chen [6] introduced
an improved YOLOv8 model with ROl modules and
advanced loss functions, reporting near-perfect F1
scores for segmentation on REFUGE. Compared with
these works, the present study provides a unique multi-
dataset benchmark that directly links segmentation
metrics (including mean and variability) to clinically
relevant vCDR-based screening, while also evaluating
inference efficiency. This explicit validation of
segmentation-driven screening distinguishes it from
prior pipelines that focus solely on segmentation or
classification without bridging the two. A quantitative
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relationship was observed between segmentation
accuracy and screening outcomes. Datasets where the
optic cup Dice exceeded 0.80 generally achieved
glaucoma-suspect classification accuracies above
0.90, confirming that precise cup boundary
segmentation directly improves vCDR reliability.
Conversely, lower cup Dice (e.g., YOLO11 on G1020)
correlated with increased vCDR error and reduced
screening recall. This finding emphasizes that accurate
cup delineation contributes more to diagnostic reliability
than disc segmentation [41] [43].

Several limitations should be acknowledged. First,
this study relied exclusively on color fundus
photographs, without incorporating multimodal imaging
such as optical coherence tomography (OCT), which
could provide richer structural information. Second,
glaucoma screening was operationalized through a
fixed vCDR threshold (=0.7), a simplification that does
not fully capture the complexity of clinical decision-
making, which considers additional risk factors such as
intraocular pressure and visual field defects are
considered [11]. Third, cross-dataset variability
revealed potential domain shift issues, suggesting that
models trained on one dataset may not generalize
optimally to others. Finally, newer architectures such as
transformers or ensemble strategies were not explored
in this study, but may hold promise for improving
performance. Despite these limitations, the findings
have important implications. YOLO11 demonstrates
strong potential as a rapid, resource-efficient screening
tool, especially in large-scale or resource-constrained
environments where speed and accessibility are
critical. Mask R-CNN, with its superior segmentation
accuracy, higher sensitivity, and more stable
predictions (lower variability), may be more suitable for
clinical settings where minimizing false negatives is
paramount. Together, these models represent
complementary strategies for deploying deep learning
in ophthalmology.

These findings suggest that model selection in
medical Al should balance diagnostic accuracy,
inference latency, and interpretability depending on the
clinical use case [52]. In population-scale screening,
efficient one-stage models such as YOLO can facilitate
real-time triage and remote glaucoma detection
through teleophthalmology platforms [53]. Meanwhile,
high-fidelity two-stage models like Mask R-CNN can be
integrated into computer-aided diagnosis systems to
support ophthalmologists in confirming glaucoma,
thereby reducing observer variability and diagnostic
uncertainty [5] [54]. Furthermore, the demonstrated link
between segmentation-based vCDR estimation and
clinical screening performance underscores the
growing need for explainable, trustworthy Al in
ophthalmic imaging [55]. From a clinical perspective,
both frameworks achieved vCDR estimation within

clinically acceptable tolerance (|bias| < 0.05, LoA <
10.15), supporting their utility for automated glaucoma
triage. YOLO11’s lightweight design enables scalable
deployment for teleophthalmology and mass
screening, while Mask R-CNN’s superior recall favors
diagnostic  confirmation in clinical workflows.
Nevertheless, residual dataset bias, such as uneven
image quality and limited non-glaucomatous samples,
may influence model generalization and warrant the
inclusion of more diverse populations in future studies
[19] [45] [46]. Dataset heterogeneity and annotation
inconsistency may introduce bias that affects cross-
domain generalization; future work should evaluate
stratified re-annotation or domain-adaptation strategies
to mitigate such bias, along with hybrid multimodal
frameworks combining retinal photographs, OCT, and
clinical metadata to enhance generalization and clinical
utility in real-world screening pipelines.

V. Conclusion

This study aimed to develop and evaluate an automated
pipeline for early glaucoma detection from color fundus
images through optic disc and cup segmentation, using
a comparative analysis of YOLO11-Segmentation
(single-stage) and Mask R-CNN (two-stage), and
validating the outputs via vertical Cup-to-Disc Ratio
(vCDR) with a clinical threshold of 0.7. The main findings
demonstrate that both models achieved clinically
meaningful results, with segmentation Dice values
above 0.84 across all datasets. Mask R-CNN provided
the highest disc Dice (0.947 in G1020) and improved
recall for glaucoma screening (up to 0.88 in REFUGE),
while YOLO11-Segmentation achieved a a stronger
correlation with reference vCDR (r = 0.90 in ORIGA) and
minimized false positives with precision as high as 1.00
in G1020. Analysis of variability showed that Mask R-
CNN produced more stable segmentation results with
lower standard deviation, whereas YOLO11 exhibited
greater sensitivity to dataset differences. In terms of
computational efficiency, both models achieved near
real-time performance, with Mask R-CNN showing
slightly faster inference (=0.05 s per image) and higher
throughput compared to YOLO11 (~0.06 s per image).
An additional observation is that the two models
displayed = complementary  behaviors: YOLO11-
Segmentation was conservative, favoring precision at
the cost of sensitivity, while Mask R-CNN achieved
higher sensitivity but produced more false positives. This
trade-off highlights how architectural design choices
influence clinical screening outcomes. Moreover,
dataset variability significantly impacted performance,
with ORIGA proving more challenging than REFUGE
and G1020, underscoring the importance of cross-
dataset evaluation. Future work should focus on

Manuscript received 10 September 2025; Revised 16 November 2025; Accepted 30 November 2025; Available online 10 December 2025
Digital Object Identifier (DOI): https://doi.org/10.35882/jeeemi.v8i1.1266
Copyright © 2025 by the authors. This work is an open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0

International License (CC BY-SA 4.0).

99


https://jeeemi.org/index.php/jeeemi
https://portal.issn.org/resource/ISSN-L/2656-8632
https://doi.org/10.35882/jeeemi.v8i1.1266
https://creativecommons.org/licenses/by-sa/4.0/

Journal of Electronics, Electromedical Engineering, and Medical Informatics

Homepage: jeeemi.org; Vol. 8, No. 1, January 2026, pp: 84-104

e-ISSN: 2656-8632

integrating multimodal ophthalmic data, such as OCT
and visual field measurements, to provide more
comprehensive diagnostic support. Efforts are also
needed to explore hybrid or ensemble frameworks that
combine the efficiency of YOLO11 with the sensitivity of
Mask R-CNN, as well as domain adaptation techniques
to improve robustness across populations. Finally,
systematic benchmarking of inference time, model
stability, and deployment feasibility will be critical for
translating these models into practical large-scale
glaucoma screening programs. Overall, this study
provides the first systematic multi-dataset benchmark
directly linking segmentation performance to clinically
validated vCDR-based screening, offering both technical
insights and practical implications for glaucoma
detection.
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