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Goal

The goal of scene segmentation is to recognize each pixel
including stuff, diverse objects




Related work: FCN(Fully Convolutional Networks)
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Attention Network
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Dual Attention Network

Position Attention Module
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Figure 2: An overview of the Dual Autention Network. (Best viewed in color)
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A. Position attention module



Channel Attention Module
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Expriments

Image Without PAM With PAM Groundtruth



Image Without CAM With CAM Groundtruth



Method BaseNet PAM CAM | Mean IoU%
Dilated FCN  Res50 70.03
DANet Res50 v 75.74
DANet Res50 v 74.28
DANet Res50 v Ve 76.34
Dilated FCN  ReslO01 72.54
DANet Res101 v 77.03
DANet Res101 v 76.55
DANet Res101 v Ve 77.57

Table 1: Ablation study on Cityscapes val set. PAM repre-
sents Position Attention Module, CAM represents Channel
Attention Module.
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DeepLab-v2 [3] | 70.4 | 979 81.3 903 488 474 496 579 673 919 694 942 798 598 937 565 67.5 57.5 577 6838
RefineNet [10] 73.6 | 98.2 833 913 478 504 56.1 669 713 923 703 948 809 633 945 646 7T6.1 643 622 70
GCN [15] 76.9 - - - - - - - - - - - - - - - - - - -
DUC [22] 77.6 1 98.5 855 928 586 555 65 735 779 933 72 952 848 685 954 709 788 687 659 738
ResNet-38 [24] 78.4 1 98.5 857 931 555 591 o67.1 748 787 937 726 955 866 692 957 645 T88 741 69 T6.7
PSPNet [29] 78.4 | - - - - - - - - - - - - - - - - - - ;
BiSeNet [26] 789 | - - - - - - - - - - - - - - - - - - ;
PSANet [30] 80.1 | - - - - - - - - - - - - - - - - - - ;
DenseASPP [25] | 80.6 | 98.7 87.1 934 60.7 627 656 746 785 936 725 954 862 719 960 78.0 903 807 697 768
DANet 81.5| 986 86.1 93,5 56.1 633 69.7 77.3 813 939 729 957 873 729 96.2 768 894 86.5 722 78.2

Method | Mean 1oU% Method Mean IoU %

FCN-8s [ 1] 37.8 FCN-8s [13] 2.7

Piecewise [11] 433

DeepLab-v2 (Res101-COCO) [3] 45.7 DeepLab-v2(Res101) [3] 26.9

RefineNet (Res152) [10] 473 DAG-RNN [18] 31.2

PSPNet (Res101) [29] 47.8 RefineNet (Res101) [10] 33.6

Ding et al.( Res101) [6] 51.6 Ding et al.( Res101) [6] 35.7

EncNet (Res101) [27] SL7 Dilated FCN (Res50) 31.9

Dilated FCN(Res50) 443 DANet (ResS0) 37.2

DANet (ResS0) 50.1 DANet (Res101) 39.7

DANet (Res101) 52.6

Table 6: Segmentation results on PASCAL Context testing

set.

Table 7: Segmentation results on COCO Stuff testing set.
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