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Experiment Results
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OSLSM (BMVC'17) [21] | VGGI6 336 553 .9 315 408 613 359 58.1 427 391 439 615
co-FCN (ICLRW'18) 18] | VGG16 36.7 506 449 324 411 60.1 375 500 4.1 339 414 60.2
PFENet (TPAMI'20) [24] | VGG16 56.9 68.2 544 524 580 720 59.0 69.1 54.8 529 590 723
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