Pyramid Scene Parsing Network — Supplymentary Material
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Visual comparisons between PSPNet and other methods on PASCAL VOC 2012 are shown in Fig. 1, PSPNet shows more
accurate and detailed results. Detailed per-class results on Cityscapes testing set are listed in Table 1, PSPNet outperforms
other methods by a large margin.
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Figure 1. Visual comparison on PASCAL VOC 2012 data. (a) Image. (b) Ground Truth. (c) FCN [7]. (d) DPN [5]. (e) DeepLab [1]. (f)
PSPNet.



Method [road swalk build. wall fence pole tlight sign veg. terrain sky person rider car truck bus train mbike bike | mloU

CRF-RNN [9] 963 739 882 476 413 352 495 59.7 90.6 66.1 935 704 347 90.1 392 575 554 439 546 625

FCN [7] 974 784 892 349 442 474 60.1 650 914 693 939 771 514 926 353 48.6 465 51.6 66.8| 653
SiCNN+CRF [3] [ 96.3 76.8 88.8 40.0 454 50.1 633 69.6 90.6 67.1 922 77.6 559 90.1 392 513 444 544 66.1| 66.3
DPN [6] 975 785 895 404 459 51.1 568 653 91.5 694 945 775 542 925 445 534 499 5211 64.8]| 66.8
Dilation10 [8] 976 792 899 373 476 532 586 652 91.8 694 937 789 550 933 455 534 477 522 660 67.1
LRR [2] 977 799 90.7 444 486 58.6 682 720 925 693 947 81.6 60.0 940 43.6 56.8 472 548 69.7| 69.7

DeepLab [ 1] 979 813 903 488 474 496 579 673 919 694 942 798 598 93.7 565 67.5 575 577 68.8| 70.4
Piecewise [4] 98.0 826 90.6 440 50.7 51.1 650 71.7 920 720 94.1 8L5 61.1 943 61.1 651 53.8 61.6 706| 71.6

PSPNet 98.6 86.2 929 50.8 588 640 756 79.0 934 723 954 865 713 959 682 795 738 695 77.2| 784
LRRY [2] 979 815 914 505 527 594 668 727 925 70.1 950 813 60.1 943 512 67.7 546 556 69.6| 71.8
PSPNet! 98.6 86.6 932 581 63.0 645 752 792 934 721 951 863 714 96.0 73.5 904 803 69.9 76.9| 80.2

Table 1. Per-class results on Cityscapes testing set. Methods trained using both fine and coarse set are marked with ‘1.
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