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Bobadls | # ROV GGy | kI | MLk
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Training data ECSSD [35] HKU-IS [15]
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Training data ECSSD [35]

HKU-IS [15]

PASCALS [17] SOD [23] DUT-OMRON [23]

Model Train #Images | MaxF MeanF MAE |MaxF MeanF MAE | MaxF MeanF MAE | MaxF MeanF MAE | MaxF MeanF MAE
RFCN [30] MK [5] 10K .898 .842 .095 | .895 .830 .078 | .829 784 118 | .807 748  .161

DCL [16] MB [20] 2.5K .897 .847  .077 | .893 .837  .063 | .807 761 115 | .833 780 .131 | .733 690  .095
DHS [19] MK [5]+D [23] 9.5K .905 .876  .066 | .891 .860  .059 | .820 794 101 | .819 793 136

Amulet [33] MK [5] 10K 912 .898 .059 | .889 873  .052 | .828 .813  .092 | .801 780  .146 | .737 719  .083
DHS [19] MB 2.5K .874 .867  .074 | .835 .829 .071 | .782 Tt 114 | .800 789 140 | .704 .696  .078
DHS+FLoss [19] MB 2.5K .884 .879  .067 | .859 .854  .061 | .792 786  .107 | .801 795 138 | 707 .701  .079
Amulet [33] MB 2.5K .881 .857  .076 | .868 .837 .061 | .775 753 125 | .791 776 149 | 704 .663  .098
Amulet-FLoss MB 2.5K .894 .883  .063 | .880 .866  .051 | .791 776 115 | .805 .800 .138 | .729 696  .097
DSS [11] MB 2.5K .908 .889  .060 | .899 877 .048 | .824 .806  .099 | .835 815 125 | .761 738 .071
DSS+FLoss MB 2.5K 914 903  .050 | .908 .896  .038 | .829 .818  .091 | .843 .838 111 | 777 755  .067
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Training data ECSSD [35] HKU-IS | PASCALS [17] SOD [23] DUT-OMRON [23]
Model Train #Images | MaxF MeanF MAE | MaxF MeanF MAE | MaxF MeanF MAE |MaxF MeanF MAE |MaxF MeanF MAE
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DSS+Balance MB [20)] 2.5K 910 .890  .059 | .900 877 .048 | .827 .807  .097 | .837 816  .124 | .765 741 .069
DSS+FLoss MB [20] 2.5K 914 903  .050 | .908 .896  .038 | .829 .818  .091 | .843 .838 111 | 777 755 .067
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