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Abstract

This paper presents a summary of the 2026 Sclera Seg-
mentation Benchmarking Competition (SSBC), which fo-
cused on the adaptation of foundation models for the task
of sclera segmentation and the implementation of label-
efficient training paradigms. The goal of the competition
was to evaluate whether massive, generalized architectures
can surpass domain-specific segmentation networks, and to
assess the capacity of label-efficient strategies to overcome
severe data scarcity. The competition featured two tracks,
i.e.: (1) the Foundation Model Adaptation track, which
provided fully annotated training data to adapt pre-trained
(foundation) backbones, and (2) the Label-Efficient Learn-
ing track, which restricted access to ground truth annota-
tions but supplied a massive collection of unlabelled im-
agery for training arbitrary sclera segmentation models, not
Jjust foundation model. The submitted approaches employed
a variety of architectural designs, including parameter-
efficient adaptations, vision-language guidance, and semi-
supervised multi-architecture ensembles. To score the com-
petition entries, experiments were conducted across three
sequestered evaluation datasets containing real-world and
synthetic images collected under diverse conditions. Re-
sults show that label-efficient methodologies can achieve
remarkable accuracy, with the top Track 2 model perform-
ing comparably to the fully supervised Track 1 winner.
Moreover, comparisons with SSBC 2025 results suggest
that properly (domain) adapted foundation backbones sig-
nificantly outperform previous approaches under the same
training/evaluation protocol and thus represent a new state-
of-the-art in sclera segmentation.

1. Introduction

Inferring human identity through the computer-aided
analysis of unique eye features forms the core of ocular bio-

*M. Vitek and D. D. Premani are first authors with equal contributions.

metrics. Historically, the field has been dominated by iris
recognition; however, the research focus is now expanding
to include alternative traits that can operate independently
or alongside traditional methods. The sclera, i.e., the visi-
ble white of the eye, stands out in this regard. Its high re-
sistance to presentation attacks, temporal stability, and dis-
tinct vascular structures make it a highly promising biomet-
ric modality [12,54,68]. Furthermore, practical deployment
in real-world scenarios is significantly easier than with the
iris, as scleral imaging requires only standard cameras oper-
ating under visible light and remains robust against typical
visual degradations [54, 68].

Scientific interest in sclera biometrics has escalated sig-
nificantly, encompassing diverse areas such as recognition
algorithms [2, 10, 15,20, 21, 51, 68, 69, 82], segmentation
techniques [1, 47, 54, 65, 66], presentation attack detec-
tion [15, 54, 68], user adaptability [8, 11], fusion strate-
gies [17,27], and lightweight architectures [26, 65, 69].
At the same time, recent advances in Vision-Language
Models (VLMs) [24, 58] and Foundation Models (FMs)
[25,43,58,74] are reshaping modern computer vision and
increasingly influencing biometric research. These large-
scale architectures demonstrate remarkable zero-shot and
transfer-learning capabilities, while also offering substan-
tial potential for adaptation to specialised biometric tasks.
Consequently, an important open question is how to effec-
tively adapt such generalized models for fine-grained oc-
ular analysis tasks. Simultaneously, the growing reliance
on data-intensive deep neural networks has amplified the
long-standing challenge of obtaining pixel-perfect ground
truth annotations. Although previous efforts to mitigate
data scarcity primarily relied on synthetically generated im-
agery [9, ], recent progress in semi-supervised [43,73]
and un-/self-supervised learning [41, 73] has demonstrated
that large collections of unlabelled data can be leveraged
effectively through label-efficient training paradigms.

To investigate these emerging paradigms within ocu-
lar biometrics, the 2026 Sclera Segmentation Benchmark-
ing Competition (SSBC 2026) was organised around two



complementary research tracks. The first track, Founda-
tion Model Adaptation, focuses on evaluating how effec-
tively modern foundation architectures can be adapted for
fine-grained biometric segmentation tasks. Rather than re-
lying solely on their zero-shot capabilities, the track aims to
assess whether domain adaptation and task-specific refine-
ment strategies can transform large general-purpose models
into robust sclera segmentation systems. The second track,
Label-Efficient Learning, addresses the persistent challenge
of annotation scarcity in ocular biometrics. Its primary goal
is to evaluate whether semi-supervised, unsupervised, and
self-supervised learning paradigms can leverage large quan-
tities of unlabelled ocular imagery to reduce dependence on
costly manual annotations. This problem is particularly im-
portant for highly specialised domains such as sclera (ves-
sel) segmentation, where obtaining large-scale pixel-level
annotations remains exceptionally difficult.

Through the collaborative efforts of the organisers and
participating teams, this work makes the following main
contributions:

* A comprehensive and independent evaluation of foun-
dation model adaptation strategies for fine-grained
sclera segmentation under a unified benchmarking pro-
tocol and across identical evaluation datasets;

* A rigorous analysis of the effectiveness of label-
efficient learning techniques under conditions of se-
vere (annotated) data scarcity using the same experi-
mental and evaluation framework; and

* An investigation into the inherent trade-offs be-
tween computational complexity, parameter count, and
task-specific generalization across varied architectural
frameworks, while also establishing a new state of the
art in sclera segmentation.

2. Related Work

SSBC 2026 represents the 10" edition of the sclera-
segmentation competition series, initiated at the BTAS con-
ference in 2015. Since its inception, the competition series
has provided a standardized experimental framework for the
systematic evaluation of sclera segmentation methods un-
der diverse acquisition conditions and application scenar-
ios. Each edition has focused on a specific methodological
challenge, including cross-sensor generalisation, image res-
olution variability, mobile-domain segmentation, privacy-
preserving training, and synthetic data generation, thus en-
abling the controlled assessment of emerging segmentation
paradigms and their applicability to ocular biometrics.

The 1% and 3" events (SSBC 2015 and SSBC 2016) as-
sessed the baseline segmentation efficacy of various models
while providing novel datasets, i.e. MASD and SMD [14].
Extending this foundation, the 2" iteration (SSRBC 2016)
also evaluated recognition frameworks alongside segmen-
tation techniques [16]. The 4t edition, SSERBC 2017, re-

Table 1. Summary of SSBC 2026 datasets. Reported are the
number of images and subjects, label availability across tracks,
main sources of variability, and the overall purpose in the compe-
tition. T1 denotes track 1 and T2 denotes track 2.

Dataset #Images #IDs Annotations Variability Purpose
MASD 2606 82  Full (T1)/82(T2) GZ,CN, BL Training
SBVPIL 1856 55  Full (T1)/55(T2) GZ,CLR Training
SynCROI 11000 N/A  Full(T1)/220(T2) GZ,CLR,CN Training
MOBIUS (Unlabelled) 13158 100 0 GZ,CLR,CN Training (T2)
SMD+SLD 489 52 Full CN, BL Testing
MOBIUS (Annotated) 3539 35 Full GZ,CLR,CN Testing
SynMOBIUS 4771 N/A Full GZ,CLR,CN Testing

(GZ) - gaze, (CLR) - eye colour, (CN) - acquisition condition, (BL) - blur

tained the recognition task but further analysed how gaze
direction impacts both segmentation and matching accu-
racy [18]. The influence of cross-sensor image acquisi-
tion was the primary focus of the 5™ competition, SSBC
2018 [19], whereas the 6™ iteration, SSBC 2019, examined
algorithmic performance across varying image resolutions
[13]. Addressing the shift towards mobile biometrics, the
7% edition, SSBC 2020, released the MOBIUS dataset and
concentrated on mobile-domain sclera segmentation [67].
Building upon that work, a subsequent study [66] quantified
the distinct biases present in contemporary segmentation ar-
chitectures. The 8" iteration (SSRBC 2023) subsequently
evaluated segmentation and recognition indicators both in-
dependently and in conjunction [7]. Most recently, the 9
edition (SSBC 2025) investigated the viability of privacy-
preserving segmentation model development utilising syn-
thetically generated training datasets [70].

Building on the success of the previous editions, SSBC
2026 focuses on two emerging methodological directions
in modern computer vision: foundation model adaptation
and label-efficient learning. The primary objective of this
edition is to evaluate how effectively large-scale pre-trained
(foundational) architectures can be adapted for fine-grained
sclera segmentation beyond their standard zero-shot capa-
bilities, and whether such models can outperform conven-
tional task-specific segmentation networks under a unified
evaluation framework. In parallel, the competition inves-
tigates the effectiveness of semi-supervised, unsupervised,
and self-supervised learning strategies in reducing depen-
dence on large-scale annotated datasets. This problem is
particularly relevant to related domains such as sclera ves-
sel segmentation, where obtaining pixel-level annotations is
substantially more difficult.

3. Competition Data

SSBC 2026 uses a combination of fully annotated and
unlabelled datasets that are partitioned differently across the
two competition tracks. Track 1 (Foundation Model Adap-
tation) relies on fully annotated training data to support the
supervised adaptation of large pre-trained architectures. In
contrast, Track 2 (Label-Efficient Learning) restricts ac-
cess to ground truth annotations and instead emphasises
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Figure 1. Samples from the training and testing datasets used in SSBC 2026. The top row contains ocular images and available ground
truth segmentation masks of the training datasets, while the bottom row depicts testing samples and their reference masks.

the use of large-scale unlabelled ocular imagery for semi-
supervised, unsupervised, and self-supervised training.

Across both tracks, model evaluation is conducted using
the same three sequestered test datasets: SMD+SLD, MO-
BIUS (annotated subset), and SynMOBIUS. All images are
resized to 400 300 for the final evaluation. This unified
evaluation protocol enables a direct comparison between
foundation model adaptation and label-efficient learning ap-
proaches under identical testing conditions. A summary of
all datasets, their role within the competition, and the avail-
ability of annotations across tracks is provided in Table 1,
while sample image are shown in Fig. 1. Detailed descrip-
tions of the individual datasets are provided below:

e MASD. The Multi-Angle Sclera Dataset (MASD) con-
tains 2606 high-resolution RGB images acquired from
82 identities using a DSLR camera (Nikon D800) [14].
Captured across multiple gaze directions under varying
environmental conditions, it serves as a primary train-
ing source. Track 1 utilises all available masks, whereas
Track 2 restricts annotations via a one-per-subject selec-
tion strategy, resulting in 82 labels.

e SBVPI. The Sclera Blood Vessels, Periocular, and Iris
(SBVPI) dataset provides 1856 high-resolution RGB im-
ages from 55 subjects, captured under highly controlled
conditions using a Canon EOS 60D camera [68]. For
SSBC 2026, it is utilised as a core training dataset. Track
1 employs the fully annotated dataset, while Track 2 is
limited to one mask per person, yielding 55 labels.

* SynCROI. SynCROI consists of 11;000 synthetically
generated images. It comprises two demographic sub-
sets, SynCROI (CE) and SynCROI (PU), generated by
training the generative BiOcularGAN framework [63] on
Caucasian (CrossEyed) and Asian (PolyU) VIS-NIR im-
age pairs. For Track 1, all labels are provided, while

Track 2 makes a 2% annotated subset (220 labels) avail-
able. Combined with MASD and SBVPI, this yields a
highly restricted total of just 357 ground truth labels for
Track 2 model development.

* MOBIUS. The MOBIUS dataset features high-resolution
imagery captured via mobile devices (e.g. Sony Xperia,
Apple iPhone, Xiaomi) in real-world, unconstrained set-
tings [67]. It serves a dual purpose in this competition.
A subset of 13;158 unlabelled images is provided exclu-
sively for Track 2 training, facilitating label-efficient do-
main adaptation. A sequestered subset of 3539 fully an-
notated images is reserved for the evaluation.

* SMD+SLD. Combining the Sclera Mobile Dataset [0]
and the Sclera Liveness Dataset [66], this evaluation
dataset comprises 489 RGB images. Captured via mobile
devices, the dataset intentionally includes non-ideal sce-
narios, such as motion blur, blinking, and extreme light-
ing variations, to rigorously test model robustness.

* SynMOBIUS. Also used strictly for evaluation, this
dataset contains 4771 image-mask pairs. It is synthesised
by a modified, single-spectrum BiOcularGAN model
trained directly on the MOBIUS dataset to assess segmen-
tation performance on mobile-domain imagery. Because
synthetic data generation was extensively covered in pre-
vious iterations, we refer the reader to the SSBC 2025
summary for comprehensive generation details [70].

4. Benchmarking Methodology
4.1. Competition Protocol

SSBC 2026 was structured into two primary phases. Ini-
tially, participating teams were granted access to the desig-
nated training datasets corresponding to their chosen track.
To acquaint participants with the required submission for-
mat, a small set of sample testing data was also made avail-



Table 2. List of submitted SSBC 2026 entries and their respective
institutions, organised by track 1 (T1 and T2).

Team T1 T2

Figure 2. lllustration of expected submission formats. The g-
ure depicts an original input image alongside its corresponding

generated binary segmentation mask and greyscale probabilistic indian institute of Technology Mandi (IIT-M)

segmentation prediction, from left to right.

able early in the timeline. Subsequently, the sequestered araioinco o)

ArogyaPandit (AP)

Ahmedabad University Team 1 (AU-1)

Ahmedabad University Team 2 (AU-2) ScleraCLIP

Ahmedabad University Team 3 (AU-3) VLS-SegNet
Beijing University of Civil Engineering and Architecture (BUCEA) ~ SegDINO-Sclera
CGDSegrlera
SAMSesclera

DINOv2Re ne
SAU-DINOV3

SAM-LoRA DINOv2 MT Ensemble
SAM2-UNet+FDA  R3-Ensemble

U2Net-SSL
UniMedCLIPSeg

Indian Institute of Technology Mandi (IIT-M)

National Institute of Technology, Oita College (NIT-OC)
Polytechnique Mongal (PM)

SRl International (SRI)

UCalShapeEns
FreeSAU-DINOv3
- FNOReg-ULVM-UNet
ScleraSAM3-CLIP -

evaluation datasets were distributed without their corre-
sponding ground truth segmentation masks. To mitigate
the risk of extensive ne-tuning on the test imagery, par-
ticipants were given a strictly limited time frame to re-
turn their nal segmentation predictions. For each image
from the MOBIUS, SMD+SLD, and SynMOBIUS evalua-
tion datasets, teams were instructed to submit two distinct
formats: (i) a binary segmentation mask, where non-zero

pixels designate the sclera region and zero-valued pixels

indicate the background; and (ii) a greyscale probability
map, where the pixel intensities re ect the predicted con-
dence of belonging to the sclera. An illustration of the

els classi ed as sclera by the algorithm, computed as
TP .

TRIFP I

Recall, which quanti es the proportion of true sclera pix-

els that were successfully identi ed by the model, calcu-
TP .

lated as—1E— [23, I;

F, score, which represents the harmonic mean of preci-

; : Precision Recall

sion and recall via thg form.ula_ ZML ]

and serves as the primary indicator for ranking the sub-

missions by managing the inherent trade-off between the

aforementioned components;

requested outputs is presented in Fig. 2. The binary masks

were utilised to establish the ranking of the submitted mod-

els in SSBC 2026, whereas the probabilistic maps enabled

a deeper examination of their behaviour through the gener-
ation of performance curves.

The benchmarking procedure was divided into two
tracks aligned with the primary research objectives of the
competition. Track 1 (Foundation Model Adaptation)

focused on adapting large pre-trained vision-language andyenerate continuous precision—recall curves [

Intersection over union (loU), also known as the Jac-
card index, which evaluates the spatial overlap be-
tween the predicted segmentation and the ground truth

mask, normalised by their combined area and de ned as
TP
[ .

TP+FP+EN
To expand the evaluation beyond discrete binary outputs,
the submitted greyscale probability maps were utilised to

]. By

foundation architectures for robust sclera segmentation Usnalysing these curves, we extracted both the area under

ing the fully annotated MASD, SBVPI, and SynCROI
datasets. In contrast, Track 2 (Label-Ef cient Learn-

the curve (AUC) [3] and the optimal I score (') as ad-
ditional performance indicators, yielding a highly detailed

ing) evaluated semi-supervised, unsupervised, and self-comparative perspective of the algorithms across a full spec-
supervised learning strategies under severely limited anno+rym of con dence thresholds.

tation availability, while leveraging a large collection of un-
labelled MOBIUS imagery for domain adaptation. Regard-

5. Summary of Submitted Approaches

less of the track, all submitted models were evaluated under _
the same protocol using identical sequestered test datasets. A total of 10 teams submitted 10 approaches to Track 1

4.2. Performance Indicators

The quantitative evaluation of the participating segmen-
tation algorithms relied on both the binary masks and the
continuous probabilistic predictions provided by the teams.

Using the binary outputs, we computed several performance

indicators derived from the counts of true positives (TP,
representing accurately identi ed sclera pixels), false posi-
tives (FP, representing background regions erroneously la-

sclera pixels missed by the model). The indicators include:

« Precision, which de nes the proportion of accurately pre-

dicted sclera pixels relative to the total number of pix- text encoder [

belled as sclera), and false negatives (F N, representing true®

sentations of the foundation backbone.

and 7 approaches to Track 2. Table 2 provides an overview
of the participating approaches, while a brief description of
each is given below.

5.1. Track 1: Foundation Model Adaptation

DINOv2Re ne (NIT-OC) is a fully ne-tuned DINOv2-
large model [42] featuring a task-speci ¢ gated re nement
decoder and an auxiliary edge prediction head. This ap-
proach introduces a domain-speci ¢ bias towards sharp
clera boundaries while preserving the robust visual repre-

CGDSegsclera (1IT-M) adapts a DINOv2 ViT-S/14 back-
bone [42] using LoRA [29] and a frozen CLIP ViT-B/32
]. Sclera-speci ¢ adaptation is achieved



through cross-attention grounding of visual tokens with Table 3. Comparative assessment of Track 1 (Foundation Mod-

Af . . els) submissions, ranked by harmonic-mean Facross the three
tg:;g;?éngtsséf&iivl\g? by péif\?v:?rﬁae;r?f;;\ln} de]COdmg via evaluation datasets (MOBIUS, SMD+SLD, SynMOBIUS),F

Precision, Recall, and loU were computed from the submitted
SAMSegsclera (IIT-M) adapts the SAM2.1 foundation  binary masks; E* and AUC from the probabilistic predictions.
model [49] utilising a Hiera-Large backbone [56]. To spe- Per-dataset scores are shown in Fig. 3, and the full per-dataset nu-
cialise the architecture for sclera segmentation while pre-merical breakdown is provided in Table S2 of the supplementary
venting over tting, the image encoder is kept completely material.

frozen, and only the mask and prompt encoders are ne- Rank Model A Precision Recall loU ¢ AUC
tuned. The network relies on a simple image-centre point 1  SAM2-UNet+FDA 0.870  0.831 0927 0.776 0.896 0.941

H H H H ScleraCLIP 0.860 0.853 0.881 0.763 0.883 0.939
prompt during inference to localise the sclera region. SAU-DINOV3 0851 0857 0859 0745 0874 0.909
SAM-LoRA (AP) adapts the Segment Anyth”]g Model VLS-SegNet 0.813 0.782 0.880 0.707 0.844 0.887

SegDINO-Sclera 0.790 0.891 0.743 0.675 0.865 0.908
DINOv2Re ne 0.781 0.849 0.761 0.665 0.816 0.851
CGDSegsclera 0.678 0.814 0.653 0.568 0.757 0.814
ScleraSAM3-CLIP  0.665 0.614 0.819 0.537 0.763 0.808
SAMSegsclera 0.473 0.454 0.518 0.341 0.530 0.516
SAM-LoRA 0.098 0.058 0.398 0.054 0.210 0.113

(SAM) ViT-B backbone [32] for sclera segmentation using
Low-Rank Adaptation (LoRA) [29]. To achieve parameter-
ef cient domain adaptation, the core encoder is frozen
while LoRA layers are injected into its multi-head atten-
tion blocks. Additionally, the original prompt-based SAM
decoder is replaced with a custom, lightweight, prompt-free
progressive convolutional upsampling decoder.

ScleraSAM3-CLIP (KO) adapts the SAM 3 foundation

model [4] utilizing LoRA [29] alongside a frozen CLIP

vision-language semantic reranker [46]. To eliminate man-

ual prompting, a lightweight ocular prompt generator au-

tomatically predicts bounding boxes and points, which are (a) Track 1 (Foundation Models)
combined with text prompts. Multiple candidate masks

generated by SAM 3 are scored by CLIP against positive

and negative ocular concepts, fused, and nally processed

by a boundary-re nement decoder.

SegDINO-Sclera (BUCEA) pairs a frozen DINOv3 VIiT-
S/16 backbone [59] with a DPT-style decoder [48]. It ad-
dresses the transition from synthetic to real training data
via two-stage training, optimising the decoder using BCE,
Dice, and boundary-aware losses.

© O ~NOoO U~ WN

=
o

(b) Track 2 (Label-Ef cient Learning)
Figure 3. Per-dataset k scores for submissions in (a) Track 1
SAU-DINOv3 (PM) employs a frozen DINOv3 ViT-Small ~ (Foundation Models) and (b) Track 2 (Label-Ef cient Learning),
backbone [59] with a custom step-attention decoder [79]. It evaluated over MOBIUS, SMD+SLD, and SynMOBIUS.
re nes multi-scale features using MLP blocks and convolu-

tional upsampling [48, 52]. mantic embeddings [81]. It fuses YOLOv8-generated [50]
SAM2-UNet+FDA (AU-1) employs a two-stage DoRA- Poxes and heuristic point prompts into the decoder via
netuned SAM2 foundation model [36, 49] integrated into Multi-head cross-attention.

a U-Net architecture. It addresses the training/evaluation i )

distribution gap by applying Fourier Domain Adaptation 2-2. Track 2: Label-Ef cient Learning

(FDA?[ ] for amplitude svv_apping,followed by a pseudo- UCalShapeEns (NIT-OC) ensembles Unet++ [23] and
labelling strategy to further improve robustness. shape-aware re nement CNNs. It addresses label scarcity
ScleraCLIP (AU-2) adapts the SAM2.1 Hiera-B+ back- via semi-supervised self-training, employing a teacher-
bone [49,56] using shared and domain-adaptive LORA [29]. student framework with con dence- ltered pseudo-labels
It incorporates a text-semantic feature gating mechanism[34] and uncertainty-aware ensemble aggregation.

driven by frozen CLIP text embeddings [46] to modulate pNOv2 MT Ensemble (AP) utilizes an ensemble of DI-
visual features. The model follows a two-stage synthetic-to- Noy2 ViT-B/14 and ViT-L/14 backbones [42] with FPN
real curriculum, with nal masks generated via a boundary- yaocoders [35]. To mitigate label scarcity, it employs a
aware FPN [35] decoder. semi-supervised Mean Teacher framework [60], minimiz-
VLS-SegNet (AU-3) uses a Swin-Tiny backbone [38] with ing MSE consistency loss between student predictions and
GSC/FUE skip blocks [77] and frozen BiomedCLIP se- EMA-teacher pseudo-labels on unlabelled data.



UniMedCLIPSeg (BUCEA) adapts a UniMedCLIP ViT- Table 4. Comparative assessment of Track 2 (Label-Ef cient

: : Learning) submissions, ranked by harmonic-mean k across
B/16 backbone [31] and BiomedBERT encoder [28] via the -
MedCLIPSeg framework [33]. It addresses label scarcity the three evaluation datasets (MOBIUS, SMD+SLD, SynMO-

h h ised t fer | ina f trained di BIUS). F., Precision, Recall, and loU were computed from the
rough supervised transier iearming from pretrain€d medi- g, mjsie binary masks; £ and AUC from the probabilistic

cal vision-language foundation models, and ne-tuning on yeqictions. Per-dataset scores are shown in Fig. 3, and the full

the limited-label dataset. per-dataset numerical breakdown is provided in Table S3 of the
FNOReg-ULVM-UNet (SRI) couples an ultra-light  supplementary material.
Mamba-based U-Net [75] with an FNOReg neural op- Rank Model R Precision Recall loU @' AUC
erator [22]. It utilises a Mean Teacher semi-supervised 1  R3-Ensemble 0876 0873 0889 0.785 0.894 0.928
framework [60] using con dence- ltered pseudo-labelsand 2 FreeSAUDINOv3 =~ 0861 0861 0872 0.762 0881 0.921

. . . 3 FNOReg-ULVM-UNet  0.805 0.857 0.782 0.690 0.830 0.871
reg|5trat|0n'ba§ed learned aUgm?nt?-t|0n, where FNOReg ,  ynivedcLipseg 0701 0774 0683 0595 0.750 0.811
warps labelled images/masks to mimic unlabelled anatomy, 5  U2NetssL 0668 0701 0722 0.546 0.729 0.757

H H 6 DINOv2 Ensemble 0.465 0.346 0.854 0.314 0.604 0.646

enhanCEd by Four|er'd0ma|n Style tranSfer [ ] 7 UCalShapeEns 0.398 0.632 0.324 0.294 0.617 0.599

FreeSAU-DINOv3 (PM) is a semi-supervised segmen-
tation framework based on the SAU-DINOvV3 architec-
ture. It addresses label scarcity using FreeMatch [72],
which employs self-adaptive thresholding to generate reli-
able pseudo-labels from unlabelled data, ensuring the mode
effectively leverages the unlabelled dataset package. Track 1: Foundation Model Adaptation. The rst track
R3-Ensemble (AU-1) employs a multi-architecture ensem- benchmarked the capacity of massive pre-trained architsc—
ble consisting of SegFormer-B2 [76], SAM2-UNet [72], tures to act as bacl_<bone m_odels for sclera segmentation
and DeepLabV3+ [5] with a ConvNeXt-Large [37] en- under a fully-supervised regime. Results are presented in

coder. It addresses label scarcity through three rounds of /9- 3@ and Table 3. The winner of Track 1 is SAM2-
semi-supervised self-training, utilizing an ensemble teacherUNEHFDA (AU-1), with a harmonic mean for 0:870.
to generate con dence- Itered pseudo-labels on unlabeled The runner-up, ScleraCLIP (AU'Z_)’ achieveq, F= 0:860, .
MOBIUS data. Robustness to out-of-distribution captures 21d SAU-DINOV3 (PM) placed third at 0:851. The top six

is further improved by Fourier amplitude swapping (FDA) submissions cluster tightly in the 0:78—0:87 range, dempn—
[30] used for both data augmentation and proxy validation. strating that well-adapted foundation backbones achieve

. strong and consistent sclera-segmentation results.
[Uz,]\la}nﬁzl_a(pt\\tvjo:z tgglzeziseri?-sel?g:rr\]/(i:se: dupzi;zﬁ;g?k?oqf However, the bottom four submissions fell sharply be-
' low this cluster: CGDSegclera (0:678), ScleraSAM3-
TLIP (0:665), SAMSegsclera (0:473), and SAM-LoRA
y(0:098). The near-zeroFof SAM-LoRA represents an ob-
vious adaptation failure: its near-zero precision reveals that
the model predicted sclera pixels across virtually the entire
image. This points to an important insight, in that founda-
In this section, we present the results of SSBC 2026 tion models only succeed with principled adaptation, while
for Track 1 (Foundation Model Adapatation) and Track vanilla LORA ne-tuning alone is often insuf cient.
2 (Label-Ef cient Learning). The submissions are ranked  The precision—recall curves ( rst row of Fig. 4) reveal a
by the harmonic-meanjFscore computed across the three binary-vs.-optimal ir gap in several models, indicating that
evaluation datasets (MOBIUS, SMD+SLD, and SynMO- even Foundation Models could bene t substantially from a
BIUS), consistent with SSBC 2025 [70], to maintain year- dedicated binarisation threshold selection strategy.
over-year comparability. Track 2: Label-Ef cient Learning. The second track di-
rectly addressed data scarcity. Participants were restricted
to a severely limited annotation budget, but given access to
Submissions to SSBC 2026 were evaluated and rankeca large pool of unlabelled MOBIUS images. Results are

based on the average performance scores derived from the shown in Fig. 3b and Table 4. The winner, R3-Ensemble
provided segmentation masks. Standard errors are reporte¢AU-1), achieved a harmonic mean Bf 0:876, marginally
as the standard deviation across 5 subject-disjoint folds cre-above the Track 1 winner, demonstrating that label-ef cient
ated from the test data. For the primary ranking criterion, strategies can match or even surpass fully supervised foun-
the harmonic mean of the;FScore over the three evaluation dation model adaptation when given suf cient additional
datasets was utilised. The rationale for applying the har-unlabelled data. FreeSAU-DINOv3 (PM) placed second
monic mean is to prioritize solutions that maintain stable, at 0:861, and FNOReg-ULVM-UNet (SRI) third at 0:805.

elevated performance across the entire evaluation spectrum,
thereby discouraging models that over t to speci ¢ datasets
F\t the expense of generalisability.

via photometric invariance (Stage 1) and spatial consistenc
using af ne transformations (Stage 2).

6. Benchmarking Results

6.1. Overall Results and Performance Ranking



Figure 4. Precision—recall curves for the submitted SSBC 2026 models. The operating points denoted with a full circle represent the best
possible k score (™), whereas the empty circle denotes the precision—recall point produced by the binary masks. The top row displays
Track 1 (Foundation Models) submissions, and the bottom row shows Track 2 (Label-Ef cient Learning) submissions. The columns
correspond to MOBIUS, SMD+SLD, and SynMOBIUS. Legends are sorted by track ranking. Best viewed in colour and zoomed in.

(a) Track 1 (Foundation Models) (b) Track 2 (Label-Ef cient Learning)
Figure 5. Per-image k distribution (raincloud plots). Each column corresponds to one submission in ranking order. The cloud shows
the kernel density estimate of [Scores across all test images; the box shows quartiles; the strip plots individual image scores. Best viewed
in colour and zoomed in.

Performance dropped sharply after rank 3: UniMed- The precision—recall curves for Track 2 (second row of
CLIPSeg (0:701), U2Net-SSL (0:668), DINOv2 Ensem- Fig. 4) re ect a wider spread in model behaviour.
ble (0:465), and UCalShapeEns (0:398). More than half Notably, the performance delta between the top track en-
the Track 2 submissions failed to achieve competitive tries (SAM2-UNet+FDA in Table 3; R3-Ensemble in Ta-
performance under the label-ef cient regime, emphasis- ble 4) peaked on the SMD+SLD dataset, i.e., the evaluation
ing that effective semi-supervised and self-supervised ap-set most distinct from the MOBIUS training data. This di-
proaches require careful design beyondveaadaptation.  vergence, absent in other cross-track pairs with similar F



Figure 6. Performance vs. trainable parameters on a log-scale x-axis. The translucent halo area is proportional to model FLOPs; the
bold ring marks the top-ranked submission in each track. ScleraSAM3-CLIP is plotted without a FLOPs halo because the submission
report did not provide a FLOPs estimate. Best viewed in colour and zoomed in.

scores, suggests that robust label-ef cient strategies levertrainable parameters). However, ScleraCLIP and SAU-
age unlabelled data for true generalisation, whereas weakeDINOv3 achieve nearly identical accuracy at 10M param-
methods primarily over t to the supplementary distribution. eters, showing that parameter-ef cient adaptation (LoRA,

partial ne-tuning) is competitive when correctly imple-
6.2. Robustness Analysis mented. The cautionary example is SAM-LoRA ( 4M pa-
rameters, i 0:10), con rming that parameter ef ciency
alone does not guarantee functional adaptation.

In Track 2 (Fig. 6b), the Pareto frontier is dominated
by three submissions: R3-Ensemble ( 200M parameters,
top accuracy), FreeSAU-DINOv3 (10M), and the ef-
ciency leader FNOReg-ULVM-UNet (<0.1M parameters,
F1 0:805). All other Track 2 submissions lie strictly in-
side the frontier. Under label-ef cient supervision, small
lightweight models sacri ce surprisingly little accuracy, an
important result for resource-constrained deployment.

Harmonic-mean [ scores determine the competition
ranking, but do not reveal model behaviour on individual
images. This is critical, as in certain applications, a model
that fails silently on dif cult images may be unsuitable for
deployment even if it achieves a high mean score. Here,
we analyse the distribution of per-imagq Bcores using
raincloud plots (Fig. 5), characterising each model by its
median, interquartile range (IQR), and 5th-percentile F

While most models excel on straightforward images,
top-performing methods consistently exhibit signi cantly
tighter distributions, indicating that performance gaps pri- o i
marily emerge on challenging samples. Nonetheless, everf-4. Qualitative Evaluation
leading models (F 0:87) produce a notable long tail of
low-F; outliers. Although this leaves room for further re-
nement on these dif cultimages, such edge cases may also
partially stem from inherent label noise or inter-annotator
inconsistencies rather than purely algorithmic de ciencies.

In Fig. 7, we show best and worst cases of the gener-
ated segmentation masks for both tracks. The worst-case
performance is mainly caused by: eyelid occlusion (par-
tially closed eye), external occluders (e.g. a nger across
the eye), lighting-induced skin discolouration (skin appear-
ing brighter than the surrounding sclera), poorly-lit sclera,
and specular re ection in the iris bleeding into the mask.

The trade-off between segmentation accuracy and model Track 1 foundation-backbone models did not eliminate
complexity is a key factor for real-world deployment, par- these failure modes; they raised the performance oor with-
ticularly on limited-hardware systems. The model complex- out resolving the underlying dif culty. The failure taxon-
ity can be measured both in terms of the number of train- omy has not changed, only the baseline has improved.
able parameters the model is required to learn, as well asTrack 2 reveals a complementary failure pattern: semi-
the number of oating point operations (FLOPs) required supervised models trained with limited labels tend to ex-
to process a single image. Fig. 6 shows a comparison ofhibit over-con dent under-segmentation on unfamiliar ac-
the trade-off between segmentation performance (y-axis),quisition conditions, producing tight but spatially incorrect
model size (x-axis) and FLOPs (circle area). masks. This contrasts with the over-segmentation failures

In Track 1 (Fig. 6a), the winning SAM2-UNet+FDA  seen in some Track 1 models, pointing to the distinct chal-
occupies the higher end of the parameter range (90M lenges of each track'’s training paradigm.

6.3. Performance vs. Trainable Parameters



Figure 7. Qualitative comparison of submitted models for Track 1 (left) and Track 2 (right). In each panel, every dataset (MOBIUS,
SMD+SLD, SynMOBIUS) is shown as two rows: the upper row is a well-segmented sample and the lower row is a failure case. Columns
are labelled (a)—(l) for Track 1 and (a)—(i) for Track 2, corresponding to (a) the original image, (b) the ground truth mask, and the binary
masks of each submission in ranking order. Track 1 (left): (c¢) SAM2-UNet+FDA, (d) ScleraCLIP, () SAU-DINOv3, (f) VLS-SegNet, (g)
SegDINO-Sclera, (h) DINOv2Re ne, (i) CGDSexxlera, (j) ScleraSAM3-CLIP, (k) SAMSegrlera, and (1) SAM-LoRA. Track 2 (right):

(c) R3-Ensemble, (d) FreeSAU-DINOvV3, (e) FNOReg-ULVM-UNet, (f) UniMedCLIPSeg, (g) U2Net-SSL, (h) DINOv2 Ensemble, and (i)
UCalShapeEns. Best viewed in colour and zoomed in.

Overall, the results demonstrate the strong potential of
both foundation model adaptation and label-ef cient learn-
ing for sclera segmentation. At the same time, the persistent
failure cases observed across the benchmark indicate that
improving robustness under challenging real-world condi-
tions remains an important open research problem.

7. Conclusion

The 10" edition of the Sclera Segmentation Benchmark-
ing Competition (SSBC 2026) investigated two emerging
research directions in modern ocular biometrics: the adapta-
tion of large-scale foundation models for ne-grained sclera
segmentation and the use of label-ef cient learning strate-
gies under severe annotation constraints. To this end, the
competition was organised into two complementary tracks
6.5. Progress Over SSBC 2025 differing in annotation availability and access to unlabelled

training imagery. In total, seventeen submissions from ten

The aligned protocols of Track 1 and the SSBC 2025 research groups were evaluated under a uni ed benchmark-
Mixed Track [70] enable a direct longitudinal compari- ing protocol using identical sequestered test datasets.
son, revealing substantial year-over-year progress, as seen The winning submission of Track 1 (Foundation Model
in Fig. 8. This year's leading model, SAM2-UNet+FDA  Adaptation) was SAM2-UNet+FDA, a DoRA-adapted
(F1 = 0:87), outperforms the 2025 winner, SAM-Iris  SAM2 framework with Fourier-domain adaptation and
(F1 = 0:84), by +0:03, a signi cant margin that would  pseudo-labelling components developed by the AU-1 team.
place the previous winner only if'4osition under the cur-  Track 2 (Label-Ef cient Learning) was won by R3-
rent benchmark. Furthermore, the top two Track 2 methodsgnsemble, a multi-architecture semi-supervised ensemble
also surpass all 2025 entries, despite operating under submodel also developed by the AU-1 team. Notably, the
stantially more restrictive annotation settings. Track 2 winner marginally outperformed the fully super-

Nevertheless, while performance gains on MOBIUS and vised Track 1 winner (F= 0:876 vs. F;, = 0:870), demon-
SynMOBIUS are pronounced, SMD+SLD continues to strating that carefully designed label-ef cient methodolo-
present a signi cant challenge. This suggests that currentgies can achieve performance comparable to, or even ex-
methods still struggle to generalise robustly under severeceeding, fully supervised foundation-model adaptation.
image degradations, motion blur, occlusions, and uncon- More broadly, the results show that modern founda-
strained acquisition conditions, despite the substantial rep-tion architectures, when combined with principled adap-
resentational capacity of modern foundation architectures. tation and semi-supervised training strategies, establish a

Figure 8. Year-over-year progress: SSBC 2025 vs. SSBC 2026.
Per-dataset £ of the 2025 and 2026 track winners. Best viewed
in colour.



