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THE PROPOSED METHOD
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3. Deep supervision strategies are
i i Training dataset Testing dataset Method P(%) 1 R(%) 1 F1(%) 1 I0U(%) t
U-Net [20] 91.53(04.96) 90.48(06.58) 90.95(03.16) 83.12(07.90)
employed to learn intermediate feature N
: b d f UBIRIS.v2 UBIRIS.v2 ScleraSegNet(SSBC) [25]  91.94(07.27)  91.22(06.86) 91.28(05.56)  84.33(07.38)
ScleraSegNet(CBAM) [25]  91.74(07.44)  91.24(07.26) 91.20(05.76)  84.21(07.63)
e p resentations better an aster Sclera-TransFuse 94.45(03.52) 94.47(02.60) 94.53(01.97) 89.69(02.45) ¥/ . A Y S 7 &
U-Net [20] 90.60(05.98) 86.05(09.67) 87.83(06.56) 78.85(09.30) £ . o - . == /-
Sclera-Net [ 1] 91.88(04.23) 94.69(04.76) 93.13(03.93) - e e e e W
“UNet [13] 90.87(03.44) 89.05(04.80) 90.41(04.96) 85.22(03.64)
output MICHE MICHE ScleraSegNet(SSBC) 5] 89.31(06.12)  90.69(07.34) $9.69(04.88) 81.63(07.49) - - \ -
ScleraSegNet(CBAM) [25]  91.71(05.42) 88.11(08.26) 89.54(05.37) 81.45(08.03) |
Sclera-TransFuse 92.11(03.95) 95.69(01.94) 93.80(02.22) 88.41(03.81)
1 A I d d d U-Net [20] 95.66(02.54) 95.18(04.82) 95.32(02.71) 91.18(04.63)
- - Sclera-Net [ 1] 94.40(03.28) 98.17(01.60) 96.24(01.71) -
. novel two-stream encoder-aecoaer nﬁ-g;et?l _z]\ 96.87(02.96) 95.12(04.31) 95.67(03.39) 93.88(02.97)
- SBVPL SBVPL ScleraSegNet(SSBC) [25]  95.39(02.70)  95.86(04.52) 95.53(02.57) 91.55(04.42)
Mo d e I an d A nove I C FOSS- D omain ScleraSegNet(CBAM) [25]  95.62(02.46)  95.39(04.83) 95.41(02.68) 91.33(04.58)
Sclera-TransFuse 96.59(01.98) 96.82(03.33) 96.66(02.00) 93.59(02.85)
: U-Net [20] 95.05(04.69) 70.64(06.87) 80.48(04.30) 77.34(04.66)
F usion (C D F) Im Od U I e. n-UNet [1] 95.27(03.44) 73.89(06.10) 82.13(04.97) 78.55(05.32)
MASD+SMD  MOBIUS ScleraSegNet(SSBC) [25]  93.25(06.94) 73.80(05.33) 82.39(07.04) 81.23(06.63)
UNet-P [22] 90.90(04.00) 83.10(03.00) 86.80(03.00) 86.80(03.00)
Sclera-TransFuse 89.07(10.04) 86.23(06.81) 87.79(07.08) 85.51(10.52)

— indicates that the value is not available in literature.

2. New performance of intra-dataset
and cross-dataset evaluation settings Ablation Studies
oNn SIX common sclera segmentation

Sclera-TransFuse 04.45(03.52) 94.47(02.60) 94.53(01.97) 89.69(02.45)

—ResNet-34 (encoder) 02.74(04.22) 93.70(02.15) 92.84(02.35) 86.72(04.09) N N s P%) T R(%) T F1(%) T 100(%) T
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- A Concat +CNN (CDF) 92.23(04.42) 94.10(02.50) 93.16(02.24) 87.64(04.66) : . : : : : : :
05 05 05 1 96.59(01.98) 96.82(03.33) 96.66(02.00) 93.59(02.85
— CAB (CDF) 94.98(04.31) 93.37(02.02) 94.16(02.32) 88.79(04.15) 01 01 01 07 98 50202 92; o 68504 17; 5 54§02 63; 5 89E03 25;
— SAB (CDF) 94.40(04.36) 93.56(03.25) 93.98(02.05) 88.03(03.96) 0' 0‘ 0' 1‘ 96.63 02‘87 96. 7 04l06 96-56 02-86 92-91 03-11
— CAB+SAB (CDF) 02.99(04.83) 94.18(02.06) 93.58(02.30) 87.83(04.58) -63(02.87) 24(04.06) -6(02.86) 91(03.11)

~ denotes removing certain block.
“ denotes replacing certain block.

3. Greater robustness and accuracy I I
than previous methods Influence of encoder and CDF Influence of deep supervision

Sclera segmentation results of challenging samples.
(a) input eye images, (b) ground truth, (f) segmentation results of
our Sclera-TransFuse



