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Motivation

Skip connection is frequently used to aggregate multi—scale
context information. The features from shallow layers contain
low—level appearance information (e.g., edges, lines, and
corners), while the features from deep layers contain more
semantic information to distinguish different classes.

Simply combining the shallow features with the deep features
will bring some background "noise”, which will affect the
robustness of the features and may lead to semantic consistency .
Therefore, the direct fusion of the shallow features and deep
features is not optimal for the task of semantic segmentation.
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Overall

Global fusion module

Context Aggregation Module(CAM)

Semantic Enhancement Module(SEM)

Edge Extraction Module(EEM)
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TABLE II
PER-CLASS RESULTS ON THE PASCAL VOC 2012 TESTING SET. THE PROPOSED EFPN OUTPERFORMS MOST STATE-OF-THE-ART METHODS.

Method air  bike bird boat bottle bus car cat char cow table dog horse mbike person plant sheep sofa tam  tv | mloU(%)
FCN [9] 768 342 689 494 603 753 747 Ti6 24 625 468 718 639 765 739 452 724 314 709 55l 62.2
DeepLabv2 2] | 844 545 815 636 659 851 7901 834 307 741 598 790 761 832 808 597 822 504 731 637 71.6
CRF-RNN [24] [ 875 390 797 642 683 876 808 844 304 782 604 805 778 83l 806 595 828 478 783 671 720
DeconvNet [25] | 899 393 797 639 682 874 812 861 285 770 620 790 803 836 802 588 834 543 807 650 725
PSPNet 3] 91.8 719 947 712 758 952 899 959 393 907 TL7T 905 945 888 896 728 896 640 851 763 82.6
AAF [26] 913 729 907 682 777 956 907 947 409 895 726 916 941 883 888 673 929 626 852 740 822
EncNet [4] 941 692 963 767 862 963 907 942 388 907 733 900 925 888 979 687 926 590 864 734 82.9
EFPN(Ours) 949 689 949 798 853 955 906 939 391 914 730 912 937 99 96.1 726 920 659 862 760 83.6
With COCO Pre-training
Dilation$ [11] 91.7 396 878 631 718 897 829 898 372 840 630 833 890 838 851 568 876 560 802 647 153
DeepLabv2 [2] | 929 604 916 634 763 950 884 926 327 885 676 896 921 870 874 633 883 600 868 745 79.7
RefineNet [27] [ 950 732 935 781 848 956 898 941 437 920 772 908 934 886 881 7001 929 643 877 788 84.2
ResNet38 [28] 9.2 752 954 744 817 937 899 925 482 920 799 901 95 918 912 730 905 654 887 806 849
PSPNet [3] 958 727 950 789 844 947 920 957 431 910 803 913 963 923 90.1 715 944 669 888 820 854
DeepLabv3 [13] | 964 766 927 778 876 967 902 954 475 934 763 914 972 910 921 713 99 689 908 793 85.7
EncNet [4] 95.3 769 942 802 852 9.5 908 9.3 479 939 800 924 9.6 905 915 708 936 665 877 808 859
EFPN(Ours) 973 810 949 795 872 968 922 969 486 941 797 933 976 909 924 728 939 678 901 813 86.4
TABLE V
PER-CLASS RESULTS ON THE CITYSCAPES TESTING SET. THE PROPOSED EFPN OBTAINS AN MIOU OF 82.3% WITH TRAINING ON FINE-LABELED DATA.
Methods road side bulding wall fence pole T-hgth T-sign vege terram  sky person nder car truck  bus  tran  motor Dbicycle | mloU(%)
RefineNet [27] 982 833 913 478 504 561 669 713 923 703 948 809 633 945 646 761 643 622 70.0 73.6
DUC-HDC [12] | 985 855 92.8 586 555 650 735 779 933 720 952 B48 685 954 709 788 687 659 738 71,6
ResNe38 [28] 985 857 93.1 555 590 671 748 787 937 726 955 866 692 957 645 788 T4l 69.0 76.7 784
DepthSeg [29] 985 854 925 544 609 602 723 768 931 716 948 852 689 957 701 865 755 683 755 78.2
AAF [26) 985 856 930 538 589 659 750 784 937 724 956 864 705 959 739 827 769 687 764 79.1
DenseASPP [30] | 98.7 87.1 934 607 627 656 746 785 936 725 954 862 T19 960 780 903 807 697 76.8 80.6
DANet [5] 986 86.1 935 56.1 633 697 713 8§13 939 729 957 813 729 9.2 768 894 865 722 78.2 81.5
EFPN(Ours) 98.7 871 939 615 634 T0.8 782 820 940 735 959 875 727 964 758 932 882 734 78.3 82.3




