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Origin Dataset # Images # IDs Variability =~ Purpose
SBVPI 1840 55 GZ, CLR  Training

Real-world SMD+SLD 489 52 CN  Testing
MOBIUS 3540 35 GZ,CLR,CN  Testing

SynCROI (CE) 5500 N/A GZ, CLR  Training

Synthetic ~ SynCROI (PU) 5500 N/A CN  Training
SynMOBIUS 4772 N/A GZ,CLR,CN  Testing

(GZ) - gaze, (CLR) - eye color, (CN) - acquisition condition
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Table 2. SSBC 2025 252 5% H 1981 KL TR . Arp
o A 2R 5 5 5 S8 v 0 A i S A X 1

Model Acronym Base

SEG-U-Sclera SAM
SAM2-UNet SAM/UN
AEOS SAM/SF
KU-CVML DL
ShapeGAN-DLV3 DL
SwinDANet ST/DN
UL-VMUNet M/UN
SAM-Iris SAM
UNet++_Binary UN

 the author list.
pLab [], enseNet [30], M~ Mamba [27], SAM — Segment Anything Model [37]
vansformer [37], UN -~ U-Net [14].
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o Py 8, FORRERSEAE BRI E, E
SOk 2 predsionRecall g R AR bRTA TOREER
A 2 R, FFENHES S S &
BLFRUE.

o X (IoU), 3iFK Jaccard $84, UM AL
i DX 3 B S 4 DL X 3 2 ) ) & oy, BB
IR, N 7prerry -

T HE L A R AR AL, R K (M
) AHEIEEA USRI E L [10,48] o Aix e
Zerp, WIPATHEI BN Fy B (FYPY) R4 R
BU(AUC) 4], ATE R[] 0 05 3 B wb Az
HEAT NS LA
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A 2 [ 25 .
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N ERSE .
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EfficientNet-B4 [50] Zwf#s, I —Fhii & 0 2k of
FF R, %R A 0% 04 1 37 3] 2 B 25 v
SAM [35] W %, [l AR P 1 28 BIAS P H A0 58 JEoRY
JE 4 1) R
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K H Gl i 23 Rl 40T

UL-VMUNet (SRI) &—fffz 5 4% Mamba [27] A5{k , 44
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Table 3. X BT BB IR RO B HEAT HUROITAG o $RACHISERARTE = MIPAS B SE_EARAHRY Fy 20 Bt AT I (AT HE A
Fy o RSHAIE. AR ToU AR08 i BRI T30 . R0 -7 I SR i 28 L idsett P 4080 (FYP ) R AUC {H
e MRS HITN T FRAR AN . AR R BRI Pl iy T HARPERESEAR AN I (. FHESERNE, HAHE
BAERES RS ERAN S — 2.

From binary masks From probabilistic predictions

Rank Segmentation Model ~Evaluation Dataset

F Precision Recall ToU Foet AUC

MOBIUS 0.824 0.825 0.842 0.722 0.850 0.887

1 SwinDANet SMD+SLD 0.725 0.798 0.640 0.754 0.866 0.868 0.587 0.680 0.758 0.824 0.809 0.870
SynMOBIUS 0.856 0.830 0.897 0.757 0.875 0.921
MOBIUS 0.792 0.792 0.822 0.677 0.821 0.843

2 SAM2-UNet SMD+SLD 0.729 0.776 0.636 0.728 0.872 0.856 0.584 0.649 0.756 0.803 0.779 0.826
SynMOBIUS 0.813 0.777 0.876 0.698 0.837 0.861
MOBIUS 0.783 0.711 0.914 0.667 - -

3 KU-CVML SMD+SLD 0.717 0.770 0.596 0.676 0.926 0.925 0.571 0.641
SynMOBIUS 0.816 0.738 0.937 0.700 - -
MOBIUS 0.755 0.822 0.736 0.633 0.817 0.859

4 UL-VMUNet SMD+SLD 0.689 0.744 0.600 0.728 0.839 0.793 0.537 0.609 0.729 0.791 0.772 0.836
SynMOBIUS 0.794 0.808 0.811 0.674 0.836 0.885
MOBIUS 0.754 0.851 0.720 0.643 0.832 0.878

5 UNet++_ Binary SMD+SLD 0.660 0.728 0.690 0.784 0.668 0.716 0.513 0.599 0.746 0.806 0.762 0.840
SynMOBIUS 0.781 0.834 0.769 0.666 0.848 0.893
MOBIUS 0.772 0.914 0.714 0.683 0.871 0.921

6 AEOS SMD+SLD 0.612 0.720 0.731 0.847 0.589 0.677 0.511 0.622 0.731 0.822 0.763 0.867
SynMOBIUS 0.809 0.927 0.749 0.712 0.883 0.941
MOBIUS 0.642 0.655 0.669 0.512 0.716 0.642

7 SEG-U-Sclera SMD+SLD 0.650 0.653 0.569 0.621 0.782 0.725 0.521 0.524 0.685 0.709 0.593 0.632
SynMOBIUS 0.669 0.644 0.733 0.541 0.728 0.666
MOBIUS 0.633 0.639 0.657 0.487 0.675 0.683

8 SAM-Iris SMD+SLD 0.627 0.640 0.574 0.619 0.716 0.693 0.489 0.497 0.658 0.677 0.631 0.672
SynMOBIUS 0.662 0.648 0.710 0.516 0.700 0.707
MOBIUS 0.592 0.743 0.539 0.482 0.729 0.779

9 ShapeGAN-DLV3+  SMD+SLD 0.401 0.525 0.430 0.612 0.517 0.545 0.275 0.396 0.483 0.629 0.492 0.661
SynMOBIUS 0.652 0.813 0.583 0.534 0.755 0.817

The probabilistic results for KU-CVML are not reported due to issues in the submission.
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Table 4. X AHAE IR AT LR PG . SRACEEHARIEAE = IPAS R4 Lk Bl Py B Ay dE AT HEs . 7
K. A ERA ToU BRI IR AS T B A . A RE- 1 Rl 48 Erodset By 2080 (F7P°) A AUC {2 A
O RIBN AR o e BB RS RS RS P B AR T R ERESSAR R I (B W, HERTEVERERR AR )
M —3

Rank Segmentation Model Evaluation Dataset From binary masks From probabilistic predictions
F Precision Recall ToU FyP t AUC

MOBIUS 0.850 0.914 0.806 0.751 0.876 0.918

1 SAM-Iris SMD-+SLD 0.804 0.839 0.749 0.853 0.893 0.840 0.684 0.733 0.833 0.865 0.881 0.910
SynMOBIUS 0.865 0.920 0.825 0.769 0.889 0.933
MOBIUS 0.858 0.870 0.867 0.769 0.882 0.926

1 ShapeGAN-DLV3+  SMD-+SLD 0.780 0.838 0.712 0.808 0.885 0.889 0.649 0.733 0.811 0.863 0.862 0.909
SynMOBIUS 0.884 0.862 0.917 0.800 0.901 0.944
MOBIUS 0.847 0.860 0.858 0.756 0.871 0.906

3 SAM2-UNet SMD~+SLD 0.775 0.826 0.704 0.795 0.888 0.881 0.649 0.720 0.806 0.852 0.842 0.887
SynMOBIUS 0.862 0.841 0.899 0.767 0.882 0.918
MOBIUS 0.848 0.873 0.842 0.756 0.875 0.916

4 SwinDANet SMD-+SLD 0.752 0.822 0.681 0.800 0.866 0.864 0.623 0.715 0.786 0.850 0.833 0.896
SynMOBIUS 0.878 0.881 0.886 0.790 0.896 0.945
MOBIUS 0.835 0.902 0.796 0.732 0.873 0.927

5 UL-VMUNet SMD+SLD 0.739 0.808 0.673 0.804 0.845 0.830 0.600 0.690 0.770 0.838 0.820 0.893
SynMOBIUS 0.859 0.881 0.850 0.760 0.881 0.942
MOBIUS 0.823 0.855 0.815 0.722 0.843 0.834

5 SEG-U-Sclera SMD-+SLD 0.778 0.807 0.729 0.799 0.862 0.841 0.659 0.699 0.811 0.833 0.786 0.820
SynMOBIUS 0.823 0.823 0.846 0.721 0.846 0.840
MOBIUS 0.811 0.906 0.764 0.710 0.889 0.941

7 UNet++_ Binary SMD~+SLD 0.769 0.803 0.764 0.849 0.812 0.792 0.641 0.692 0.835 0.872 0.892 0.928
SynMOBIUS 0.832 0.893 0.801 0.730 0.895 0.954
MOBIUS 0.850 0.875 0.842 0.754 0.874 0.934

8 AEOS SMD-+SLD 0.701 0.797 0.714 0.816 0.720 0.799 0.569 0.682 0.733 0.823 0.782 0.880
SynMOBIUS 0.859 0.881 0.850 0.762 0.880 0.945
MOBIUS 0.795 0.725 0.928 0.689 - -

9 KU-CVML SMD+SLD 0.719 0.780 0.601 0.688 0.928 0.937 0.576 0.658 - - - -
SynMOBIUS 0.835 0.758 0.954 0.730 - -

The probabilistic results for KU-CVML are not reported due to issues in the submission.
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