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Abstract

Accurate segmentation of the optic nerve head (ONH) is essential for automated glau-
coma assessment using the Cup-to-Disc Ratio (CDR). However, conventional convolu-
tional neural networks (CNNs) often exhibit performance degradation under domain
shift caused by variations in fundus imaging devices and protocols. Foundation models
offer a potential solution due to their large-scale pre-training and intrinsic feature in-
variance. While the Segment Anything Model (SAM) offers a robust alternative, recent
adaptations have resorted to complex, task-specific architectural modifications to handle
retinal geometry. In this paper, we propose SAMURAI, a two-stage foundation model
pipeline that combines a YOLOv12x-based ONH localizer with a minimally adapted
MedSAM foundation model. We rigorously evaluate this supervised baseline against ex-
ploratory variants incorporating geometric inductive biases (polar transformations) and
semi-supervised learning (SSL). On the REFUGE benchmark, our simplified approach
establishes a new state-of-the-art, achieving an Optic Cup Dice of 0.920, significantly
outperforming specialized models like FunduSAM (0.867). Furthermore, our ablation
study reveals that additional architectural complexity does not confer measurable per-
formance gains over the foundation baseline. These findings suggest that large-scale
pre-trained foundation models provide sufficient robustness for ONH segmentation with-
out task-specific architectural modifications.
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1. Introduction

Glaucoma is a leading cause of irreversible blindness worldwide [1]. The primary struc-
tural indicator of damage is neuroretinal rim thinning, quantified clinically as an increase
in the vertical cup-to-disc Ratio (CDR). Automated calculation of CDR from fundus pho-
tography requires precise pixel-level segmentation of the optic disc (OD) and the optic cup
(OC). State-of-the-art approaches for optic nerve segmentation have predominantly relied on
Convolutional Neural Networks (CNNs), particularly U-Net [2] variants, such as M-Net [3]
and CE-Net [4]. While these models achieve high accuracy on homogeneous datasets, they
exhibit significant performance degradation when deployed in real-world clinical settings.
This fragility stems from domain shifts caused by variations in fundus camera hardware,
illumination, and patient populations, as demonstrated in the REFUGE challenge [5].

The recent advent of the Segment Anything Model (SAM) [6] offers a potential solution
to this generalization bottleneck. In contrast to traditional CNNs, which are typically
constrained by the limited size and variability of task-specific medical datasets, SAM utilizes
a Vision Transformer (ViT) backbone pre-trained on the massive SA-1B dataset (11 million
images, 1.1 billion masks). This exposure to diverse visual features allows the model to learn
generalized, class-agnostic representations of object boundaries that are less dependent on
local texture statistics [7]. MedSAM [8] adapts this foundation to the medical domain.
However, it remains an open question whether standard fine-tuning suffices for the complex
geometry of the optic nerve head, or whether specialized domain-adaptive architectures are
necessary.
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We introduce SAMURAI, a modular two-stage pipeline based on MedSAM whose pri-
mary contribution is demonstrating that minimal decoder fine-tuning of a foundation model,
combined with a purpose-built YOLO localizer, is sufficient to surpass specialized retinal
architectures—without complex adapters, polar constraints, or domain-specific modules.
Beyond standard fine-tuning, we rigorously evaluate variants incorporating a geometric in-
ductive bias and semi-supervised learning (SSL). Benchmarking against U-Net, M-Net, and
FunduSAM reveals that our Supervised Baseline sets a new state-of-the-art. Interestingly,
the exploratory extensions did not yield consistent performance gains, suggesting that the
intrinsic domain invariance of the foundation model may reduce the need for additional
task-specific adaptation techniques.

1.1. CNNs and Domain Shift in Retinal Segmentation

Since its inception, the U-Net architecture [2] has firmly established itself as the de facto
backbone for medical image segmentation [9]. In ophthalmology, researchers have developed
specialized variants to address the nested geometry of the optic nerve head. For instance, M-
Net [3] utilizes polar coordinate transformations to linearize the circular optic disc. However,
fully supervised CNNs are highly susceptible to covariate shift, where variations in camera
spectral sensitivity or illumination cause performance degradation on unseen domains [5].
While Domain Adaptation (DA) techniques like Boundary Entropy Adversarial Learning
(BEAL) [10] address this via explicit statistical alignment, they introduce significant archi-
tectural complexity. This motivates the search for a modular, generalizable pipeline capable
of robust performance without task-specific architectural over-engineering.

1.2. Foundation Models and Adapters

MedSAM [8] represents a paradigm shift, adapting the Segment Anything Model (SAM)
by fine-tuning on a large-scale dataset of over 1.5 million image-mask pairs spanning 10
imaging modalities and more than 30 cancer types. While this dataset includes diverse tar-
gets such as abdominal organs (CT/MRI), cellular structures (microscopy), and endoscopic
views, retinal fundus photography represented only a small proportion of the training data.
Consequently, while MedSAM possesses strong general semantic understanding, it may lack
the specific boundary precision required for the low-contrast optic cup within the optic nerve
head.

Recent work such as FunduSAM [11] attempted to bridge this gap by introducing com-
plex, multi-scale adapter modules specifically tailored for retinal features. In contrast, our
work investigates the efficacy of a streamlined approach. By coupling a state-of-the-art
localizer (YOLOv12x) [12], implemented with the Ultralytics software package [13], with a
minimally adapted MedSAM baseline, we aim to establish a universal, two-stage pipeline
for fundus segmentation. We posit that a streamlined MedSAM baseline provides a more
scalable clinical AI solution: a single adaptable architecture retrained for diverse ophthalmic
tasks without task-specific geometric modules.

2. Methodology

The proposed pipeline is structured into a two-stage framework: Stage 1 utilizes YOLOv12x
to localize the optic nerve head, and Stage 2 employs the SAMURAI segmentation model.
We also investigate two exploratory extensions (SAMURAI-A and SAMURAI-B).
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2.1. Stage 1: Optic Disc Localization (YOLOv12x)

We utilize YOLOv12x [12], via the Ultralytics framework [13], to localize the optic disc.
We adapted the model by generating ground-truth bounding boxes from the minimal en-
closing rectangle around the union of the optic disc and cup masks.

To ensure the tightest possible crop for the subsequent segmentation stage, we replaced
YOLO’s standard mean Average Precision (mAP) model selection with a custom fitness
stopping criterion based on bounding box Intersection over Union (IoU):

F = IoU(Bp, Bg) =
Area(Bp ∩Bg)

Area(Bp ∪Bg)
(2.1)

where Bp and Bg are the predicted and ground-truth boxes. We maximized this fitness
score on the validation set for early stopping. At inference, we retain only the single highest-
confidence detection per image. To prevent processing severe artifacts, predictions below a
0.10 confidence threshold are discarded, yielding a null mask.

Stage 1 is critical: by providing a tightly cropped region of interest, it reduces the input
distribution seen by MedSAM to a near-canonical view of the ONH, substantially lower-
ing the segmentation difficulty and partially explaining why additional domain-adaptation
techniques proved unnecessary.

2.2. Stage 2: SAMURAI Segmentation (Baseline)

We adapt the MedSAM foundation model [8] by freezing its Vision Transformer (ViT-
B) image encoder — a deliberate departure from MedSAM’s original protocol, which fine-
tunes both the encoder and decoder — to preserve pre-trained feature extraction capabilities
while fine-tuning only the lightweight mask decoder. We supervise the segmentation heads
using an unweighted combination of Binary Cross-Entropy (BCE) and Dice Loss, matching
MedSAM’s original loss formulation. This minimal adaptation strategy retains foundation
model generalization without task-specific architectural changes.

2.3. Stage 3: Exploratory Variants

SAMURAI-A (Semi-Supervised Learning): We implement a self-training frame-
work leveraging unlabeled EyePACS data. The iterative process entails: (1) training the
YOLOv12x teacher on labeled source data using the Box IoU criterion (exclusive to the
object detector); (2) generating pseudo-labels on unlabeled images using a strict confidence
threshold (> 0.50); and (3) fine-tuning a student model on the pseudo-labeled dataset.

SAMURAI-B (Geometric & Attention Components): This variant integrates
FunduSAM [11] components to address topological variability. We apply a Linear Polar
Transformation post-localization to map Cartesian (x, y) to Polar (r, θ) coordinates, un-
wrapping the optic nerve into a layered linear structure. Additionally, a CBAM Attention
module [14] is inserted into the bottleneck to refine feature maps. To enforce anatomical
consistency, we add a Containment Loss term to the objective function:

Ltotal = λdLdisc + λcLcup + λtopoLcontain (2.2)

where Lcontain strictly penalizes cup pixels (Pcup) predicted outside the disc (Pdisc):

Lcontain =
1

N

∑
i

P (i)
cup(1− P

(i)
disc) (2.3)

λd = 1.0, λc = 2.0, and λtopo = 1.0 to prioritize cup boundary and structural validity.

3. Datasets

We aggregated 9 diverse public datasets (Table 1) covering varied fundus cameras, res-
olutions, and pathological severities, partitioned at the image level into training (80%),
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validation (10%), and testing (10%) subsets. REFUGE test set images were strictly held
out to provide a zero-shot standardized benchmark against prior methods.

Figure 1. Original, GT, Pred (left,
center, right columns). REFUGE,
GRAPE, and PAPILA datasets (top,
middle, bottom rows).

Table 1. Summary of
the annotated datasets
used in this study.

Dataset Images

REFUGE / REFUGE2 [5, 15] 2000
CHAKSU [16] 1343
G1020 [17] 1020
RIGA [18] 749
ORIGA [19] 650
RIM-ONE DL [20] 485
DRISHTI [21] 101
GRAPE [22] 630
PAPILA [23] 488

4. Results

We evaluated our pipeline on the REFUGE test set to provide a standardized comparison
against state-of-the-art methods. Table 2 summarizes the Dice coefficients for optic disc
(OD) and optic cup (OC) segmentation.

We benchmarked our approach against the comprehensive evaluation recently reported
by Yu et al. [11], which includes both Convolutional (ResUNet [24], nnU-Net [25]) and
Transformer-based (TransUNet [26], Swin-UNETR [27]) architectures; baseline Dice values
for these methods are as re-implemented and reported by Yu et al. Our Supervised Baseline
achieved an Optic Cup Dice of 0.920. This performance represents an improvement over the
recently published FunduSAM (0.867) and the nnU-Net baseline (0.849) under a comparable
evaluation protocol. By leveraging the large-scale pre-training of the MedSAM foundation
model, our approach surpasses these task-specific architectures without requiring complex
attention modules or adapter tuning.

Table 2. Comparison with
REFUGE Challenge Winners and
Recent SOTA.

Method Disc Dice Cup Dice

REFUGE Challenge Winners [5]
Team CUHKMED (DenseNet) 0.960 0.883
Team Masker (ResNet) 0.946 0.884

Alternative Architectures
Mask R-CNN (Wu et al.) [28] 0.962 0.887
Deep Level Set (Liu et al.) [29] 0.966 0.891

Foundation Models
FunduSAM [11] 0.961 0.867
SAMURAI 0.966 0.920

Table 3. Ablation study of
SAMURAI components with
Semi-Supervised Learning
(A) and Polar Transformation
(B).

REFUGE TEST
Method Disc Cup

SAMURAI 0.966 0.920
+ [A] SSL (Teacher-Student) 0.958 0.910
+ [B] Polar Transform 0.930 0.820
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4.1. Component Ablation Study

To assess the contribution of our specific architectural modifications, we conducted a
rigorous ablation study evaluating the impact of Semi-Supervised Learning (SSL) and Geo-
metric Polar Transformations. We compared the performance of SAMURAI against variants
incorporating these modules individually and in combination.

As shown in Table 3, neither SSL nor the polar transformation improved upon the base-
line; the polar variant degraded performance substantially (OD Dice 0.930, OC Dice 0.820).
SSL likely failed because pseudo-labels introduced noise that compounded uncertainty at the
cup boundary. These results suggest that the foundation model’s large-scale pre-training
already provides sufficient domain invariance, with limited benefit from additional task-
specific adaptation, though generalization to pathological images remains an open question.
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Appendix A. Hardware and Software

Experiments ran on UBC Sockeye (NVIDIA A100, 40GB) using Python 3.10, PyTorch 2.1,
Ultralytics 8.x, and the official MedSAM repository.
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