Semantic Image Segmentation via Deep Parsing Network
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4. Effectiveness of DPN

2. Approach

1. Introduction
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3. Network Architecture

when ‘motor bike’ 1s presented, ‘person’ 1s

DenseCRF [NIPS 2011] X - 10 ) e
FCN [CVPR 2015] J : : 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 more likely to present than ‘bike’.
DeepLab [ICLR 2015] V4 X 10 layeri2xconv| max [2xconv| max |3xconv| max [3xconvi3xconv| conv | conv | conv | lconv | conv | bmin | sum o SpatiaI-LabeI Space
CRFasRNN [iccv 2015] J S 10 filter—stride| 3-1 2-2 3-1 2-2 3-1 2-2 3-1 5-1 | 25-1 | 1-1 1-1 | 50-1 | 9-1 1-1 1-1
DPN / / 1 #tichannel| 64 64 128 | 128 | 256 | 256 | 512 | 512 | 4096 | 4096 | 21 21 105 21 21 m
activation| relu | idn | relu | idn | relu | idn | relu | relu | relu | relu | sigm | lin lin idn | soft
e Our ldea: size| 512 | 256 | 256 | 128 | 128 | 64 | 64 | 64 | 64 | 64 | 512 | 512 | 512 | 512 | 512
High-order MRF as One-pass CNN: Deep Parsing Network (DPN) : 512x512x3 input image; 512x512x21 output label maps bottle : bottle  train : bkg  person : mbike chair : person
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e Project Page: http://personal.ie.cuhk.edu.hk/~1z013/projects/DPN.html SbEn oT T T

/. Conclusion

DPN employs one-pass CNN to
model high-order MRF

High performance by
approximating one iteration of MF
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areo bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv |mloU
FCN 76.8 342 689 494 603 753 747 776 214 625 468 71.8 639 765 739 452 724 374 709 551|622
DeeplLabt | 89.2 46.7 885 635 684 87 812 86.3 326 80.7 624 81 813 843 821 56.2 84.6 583 76.2 67.2]| 739
RNNT 90.4 553 88.7 684 698 883 824 851 326 785 644 796 819 86.4 818 586 824 535 774 701 | 747
BoxSupt | 89.8 38 89.2 689 68 896 83 87.7 344 836 67.1 815 83.7 852 835 586 849 558 81.2 70.7 | 752
DPN 87.7 594 784 649 703 893 835 86.1 31.7 799 626 819 80 835 823 605 83.2 534 779 65 |74.1
DPN 89 616 877 668 74.7 91.2 843 876 36,5 863 66.1 844 878 856 854 63.6 873 61.3 794 66.4 | 77.5

Per-class results on VOC12 test. The approaches pre-trained on COCO are marked with 7.
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5. Overall Performance

DPN incorporates various types

of pairwise terms
Rich contextual information

| DPN contains only conventional
e operations of CNN
Easier to be parallelized and
(a) (b) () (d) (€) ’

Visual quality comparison of different semantic image segmentation methods: speeded up in GPU
(a) input image (b) ground truth (c) FCN (d) DeepLab and (e) DPN




