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e Conditional Random Field(CRF) [NniPs 2012]
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/Methods Val set |Test set

| FCN-MIL(ICLR2015) | 25.7 24.9
CCNN(ICCV2015) 35.3 35.6
EM-Adapt(ICCV2015) | 38.2 39.6

h@swl(lzccvzo@ 441 | 451
BFBP(ECCV2016) 46.6 48.0
SEC (ECCV2016) 50.7 51.7
TPL(ICCV2016) 53.1 53.8
CBTS(CVPR2017) 52.8 53.7
PSA(CVPR2018) 61.7 63.7
REFE 64.9 65.5

State-of-the-artZZE R

(53 3.2)
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7 Pascal VOC 2012 (2 BT AR EREE.
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Results on PASCAL VOC 2012 val set.
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PSA[1] | 88.2 | 68.2 | 30.6 | 81.1 | 496 | 61.0 | 77.8 | 66.1 | 75.1 | 29.0 | 66.0

SSDD | 89.0 | 625 | 289 | 83.7 | 529 | 595 | 77.6 | 73.7 | 87.0 | 34.0 | 83.7

Gain | +0.8 | -5.7 | -1.7 | +26 | +3.3 | -1.5 | -0.2 | +7.6 | +11.9| +5.0 | +17.7

) [ C - o
s w |2 |8 2 = g |& |5 S
1S e T p & o A 3 = 2 =
PSA[1] | 40.2 80.4 | 62.0 | 704 | 73.7 | 42.5 70.7 | 42.6 | 68.1 51.6 | 61.7

SSDD | 476 | 84.1 | 77.0 | 739 | 696 | 29.8 | 84.0 | 43.2 | 68.0 | 53.4 | 64.9

Gain +7.4 | +3.7 | +15.0| +3.5 -4.1 | -12.7 | +13.3 | +0.6 | -0.1 +1.8 | +3.2
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