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Motivation

* As adual problem of semantic segmentation, which means that the boundary always surrounds the mask, the goal of
semantic boundary detection is to identify image pixels that belong to object(class) boundaries.

* In general, estimating the semantic label at image boundaries is challenging as it could be ambiguous between two sides.

* For semantic boundary detection, one challenging issue is to suppress the non-semantic edges, which are ambiguous to
distinguish from semantic edges.




Method

PCM: capture the pyramid context from multiscale feature maps.
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Method

Backbone: ResNet with dilated strategy.
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Method

PCM: capture the pyramid context from multiscale feature maps.
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Method

Iterative???
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Method

Loss Function: L;,;q; = Ly + A{Lp + A, Lg
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Method

VM Fusion:

Sliced concatenation:

B = {Bl,Bz, ...,Bk}
VM = {VM,,VM,, ..., VM,}

[By,VM,, By, VM,, ..., B, VM, ]
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Experiments

» Cityscapes dataset contains 2975 training, 500 validation and 1525 test images. Each images has a high resolution of
2048 X 1024 pixels with 19 semantic classes.



Experiments

Duality loss | VM PCM mloU | MF (ODS)/ AP

- - 7814 | 73.61/72.81
- 79.58 | 74.24/73.57
. 7981 | 74.45/74.20
{1} 79.92 | 74.65/74.29
(1,3} | 8020 | 74.80/74.54
{1,3,5,7} | 80.43 | 75.54/75.14
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Table 1. Ablation experiments for duality loss, VM fusion and
pyramid context module (PCM). We set .S to 8 in the experiments.



Experiments

S | mIoU | MF (ODS)/ AP
1 77.65 -

1 . 72.62/71.56
2 7877 | 73.44/72.53

3 79.44 | 74.55/73.78
4 79.80 | 74.56/73.80
5 79.88 | 74.61/73.91
6 80.25 | 74.94/7431

7 80.36 | 75.10/74.38
8 80.43 | 75.54/75.14

Table 2. Ablation experiments of iterative pyramid context module
for semantic segmentation and semantic boundary. The iterative
steps S 1s set from 1 to 8. For S = 1, only one task is trained and

evaluated.

Method Backbone mloU
DeeplabV2 [27] ResNet101 70.4
Piecewise [33] ResNet101 71.6
PSPNet [27] ResNetl101 78.8
DeeplabV3+ [19] ResNet101 78.8
InPlace ABN [30)] WideResNet38 | 79.4
GSCNN [5] ResNetl101 80.8
DANet [37] ResNetl101 81.5
RPCNet (SS + Flip) | ResNetlO1 81.8
RPCNet (MS + Flip) | ResNetl01 82.1

Table 3. Performance comparison between different strategies on
Cityscape val set. “SS™: single scale test. “MS”: multi-scale test.
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Experiments

Method | Backbone data | road | s.walk | build. | wall | fence | pole | t-light | t-sign | veg | terrain | sky | person | rider | car | truck | bus | train | motor | bike | mean
DeeplabV2 [27] | ResNetl101 979 | 813 90.3 | 488 | 474 | 496 | 579 673 [ 919 694 | 942 | 798 | 59.8 | 93.7 | 565 | 675|575 | 577 | 688 | 70.4
RefineNet [20] ResNet101 98.2 | 833 91.3 | 478 | 504 | 56.1 | 669 713 [ 923 703 | 948 | 809 | 633|945 | 646 | 76.1 | 643 | 62.2 | 700 | 73.6
PSPNet [23] ResNet101 98.6 | 86.2 929 | 508 | 588 | 640 | 756 79.0 | 934 723 | 954 | B6S | 713 | 959 | 682 | 795 | 738 | 69.5 | 772 | T84
AAF [34] ResNet101 98.5 | 85.6 93.0 | 538 | 589 | 659 | 750 784 | 937 724 | 956 | 864 | 705|959 | 739 [ 827|769 | 68.7 | 764 | 79.1
DenseASPP [35] | DenseNetl61l | 98.7 | 87.1 93.4 | 60.7 | 627 | 656 | 7406 785 [ 936 725 | 954 | B62 | 719 | 96.0 | 78.0 | 903 | 80.7 | 69.7 | 76.8 | 80.6
PSANet [24] ResNet101 - - - - - - - - - - - - - - - - - - - 80.1
SeENet [30] ResNet101 98.7 | 873 93.7 | 571 | 618 | 705 | 776 809 |40 | 735 | 959 | 8BTS | 716|963 | 764 | 880 | 799 | T3.0 | 785 | 812
ANNNet [37] ResNet101 - - - - - - - - - - - - - - - - - - - 381.3
CCNet [2#] ResNet101 - - - - - - - - - - - - - - - - - - - 81.4
BFP [0] ResNet101 98.7 | 87.0 93.5 | 598 | 634 | 689 | 768 809 (937 728 | 955 | 870 | 72.1 | 96.0 | 776 | 89.0 | 869 | 69.2 | 77.6 | 814
DANet [12] ResNet101 98.6 | 87.1 935 | 561 | 633 | 697 | 713 813 [ 939 729 957 | 873 | 729 | 96.2 | 768 | 894 | 865 | 72.2 | 782 | 815
Ours ResNet101 98.7 | 86.7 939 | 624 | 628 | 705 | 715 81.1 | 940 723 | 959 | B78 | 741 | 963 | 765 | 88.0 | 852 | 71.0 | 78.6 | 818
Table 4. Comparison vs state-of-the-art methods without coarse data training on the Cityscapes test set.
Metric | Method | Test NMS | road | s.walk | build. | wall | fence | pole | t-light | t-sign | veg | terrain | sky | person | rider | car | truck | bus | train | motor | bike | mean
CASENet [1] 87.06 | 7595 | 7594 | 46.87 | 4774 | 7323 | T270 | 75.65 | 8042 | 5707 | B6.69 | 8102 | 67.93 | BO.10 [ 4592 [ 68.05 | 49.63 [ 54.21 | 7374 | 6892
CASENet” [1] 8723 | 7608 | 7573 | 47.86 | 4757 | 73.67 | TLTT | 75.19 | BO.58 | 5830 | 678 | B1.00 | 68.18 | 80.31 | 48.99 | 67.82 | 50.84 | 5530 | 74.16 | 69.20
MF (ODS) | CASENet” [1] v 8813 | 7653 | 7675 | 48770 | 4860 | 7421 | 7454 | 7638 | 81.32 | 5898 | 87.26 | 81.90 | 69.05 | 90.27 | 50.93 | 6841 | 52.11 | 56.23 | 7566 | 70.31]
STEAL [1] BRO8 | 7762 | 7708 | 50.02 | 4962 | 7548 | 7401 | 76.66 | 81.51 | 5941 | 87.24 | 81.90 | 6O.87 | 89.50 [ 52.15 [ 67.80 | 53.60 [ 55.93 | 75.17 | 70.67
STEAL [1] v 8804 | 7821 | 775 | 50.59 | 5039 | 7554 | 7631 | 7745 | 8228 | 60.19 | 87.99 | 8248 | 70.18 | 9040 | 53.31 | 68.50 | 53.39 | 56.99 | 76.14 | 7142
Ours v 90.86 | 8232 | 82.11 | 57.15 | 5897 | 84.48 | 8334 | 82.26 | 84.88 | 64.22 | 89.87 | 86.28 | 78.47 | 92.61 | 67.75 | 82.79 | 68.48 | 69.20 | 80.09 | 78.22
CASENet [ ] 5458 | 6544 | 6775 | 37.97 | 3993 | 5728 | 6465 | 6938 | 71.27 | 5028 | 73.99 | 7256 | 5992 | 66.84 | 3591 | 56.04 | 41.19 | 46.88 | 6354 | 57.65
CASENet” [1] 6838 | 6961 | 7028 | 40.00 | 3926 | 61.74 | 6274 | 73.02 | 7297 | 5091 | 8072 | 76.06 | 6049 | 79.43 | 40.86 | 6227 | 42.87 | 48.84 | 6442 | 61.30
AP CASENet” [1] v BE83 | 7394 | To.86 | 42.06 | 4175 | 69.81 | 7450 | 76.98 | 79.67 | 5648 | 87773 | 8321 | 68.10 | 91.20 | 44.17 | 66.69 | 4477 | 52.04 | 7565 | 68.13
STEAL [1] 8054 | 7592 | 7495 | 42,72 | 4153 | 65.86 | 6755 | 75.84 | TU.8S | 5292 | B0 | T9.89 | 62.59 | 91.07 [ 4526 [ 67.73 | 47.08 [ 5091 | 7078 | 66.44
STEAL [1] v 90.86 | 7894 | T7.36 | 43.01 | 4233 | 71.13 | 7557 | 7760 | 81.60 | 5698 | 87.30 [ #3.21 | 66779 | 91.539 [ 4533 | 66.64 | 46.25 | 52.07 [ 7441 | 68.89
Ours v 91.27 | 8387 | 84.00 | 53.18 | 5496 | 84.55 | 8548 | 84.66 | 86.15 | 61.18 | 90.72 | 88.95 | 79.95 | 94.40 | 68.11 | 85.47 | 68.53 | 69.44 | 82.17 | 78.79

Table 5. Quantitative results on the val set on the Cityscapes dataset. We use ResNet101 pretrained on ImageNet as backbone. CASENet”

is the reimplementation of CASENet in [4]. Scores are measured by %.
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Experiments
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Figure 5. Some visualization comparison examples for semantic
boundary detection with or without VM fusion (best viewed in
color).
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Experiments

Mask groundtruth w/'o duality loss w/ duality loss

Figure 6. Some visualization comparison examples for semantic
segmentation with or without duality loss used (best viewed in
color).
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Conclusion

* Good multi-task framework to joint dual problems.
 Can be applied to other tasks.



