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BBBC039 - Kumar BBBC039 - TNBC
Methods All Pixel-F1 Object-F1 AJl Pixel-F1 Object-F1
CyCADA [15] | 0.4447 £ 0.1069 | 0.7220 £ 0.0802 | 0.6567 £+ 0.0837 | 0.4721 £+ 0.0906 | 0.7048 £+ 0.0946 | 0.6866 + 0.0637
Chen eral. [4] | 0.3756 £ 0.0977 | 0.6337 £ 0.0897 | 0.5737 £ 0.0983 | 0.4407 £ 0.0623 | 0.6405 £ 0.0660 | 0.6289 £ 0.0609
SIFA [2] 0.3924 + 0.1062 | 0.6880 + 0.0882 | 0.6008 4+ 0.1006 | 0.4662 £ 0.0902 | 0.6994 4+ 0.0942 | 0.6698 4+ 0.0771
DDMRL [21] | 0.4860 % 0.0846 | 0.7109 + 0.0744 | 0.6833 £+ 0.0724 | 0.4642 + 0.0503 | 0.7000 £ 0.0431 | 0.6872 + 0.0347
Hou er al. [16] | 0.4980 £ 0.1236 | 0.7500 £ 0.0849 | 0.6890 + 0.0990 | 0.4775 £ 0.1219 | 0.7029 + 0.1262 | 0.6779 + 0.0821
Proposed 0.5610 + 0.0718 | 0.7882 + 0.0533 | 0.7483 £ 0.0525 | 0.5672 + 0.0646 | 0.7593 + 0.0566 | 0.7478 + 0.0417
3 ARG SR E S AR A A TR 4 R
All Pixel-F1
Methods seen unseen all seen unseen all
CNN3 [24]) 0.5154 £ 0.0835 | 0.4989 £ 0.0806 | 0.5083 £ 0.0695 | 0.7301 £ 0.0590 | 0.8051 £ 0.1006 | 0.7623 £ 0.0946
DIST [35] 0.5594 £ 0.0598 | 0.5604 £ 0.0663 | 0.5598 £ 0.0781 | 0.7756 £ 0.0489 | 0.8005 % 0.0538 | 0.7863 £ 0.0550
Proposed 0.5432 £ 0.0477 | 0.5848 £ 0.0951 | 0.5610 £ 0.0982 [ 0.7743 £ 0.0358 | 0.8068 + 0.0698 | 0.7882 £+ 0.0533
Upper bound [22] | 0.5703 4 0.0480 | 0.5778 £ 0.0671 | 0.5735 + 0.0855 | 0.7796 £ 0.0419 | 0.8007 + 0.0511 | 0.7886 + 0.0531
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All Pixel-F1
Methods seen unseen all seen unseen all
CNN3 [24] 0.5154 £+ 0.0835 | 0.4989 + 0.0806 | 0.5083 £ 0.0695 | 0.7301 £ 0.0590 | 0.8051 £ 0.1006 | 0.7623 £ 0.0946
DIST [35] 0.5594 + 0.0598 | 0.5604 + 0.0663 | 0.5598 + 0.0781 | 0.7756 + 0.0489 | 0.8005 + 0.0538 | 0.7863 + 0.0550
Proposed 0.5432 4 0.0477 | 0.5848 £ 0.0951 | 0.5610 £ 0.0982 [ 0.7743 £ 0.0358 | 0.8068 £ (L0698 | 0.7882 + 0.0533
Upper bound [22] | 0.5703 + 0.0480 | 0.5778 £ 0.0671 | 0.5735 £ 0.0855 | 0.7796 £ 0.0419 | 0.8007 £ 0.0511 | 0.7886 £ 0.0531
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