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What is the dual task of semantic segmentation?
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Semantic-aware edge detection is the dual task of semantic 
segmentation
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Semantic Segmentation Semantic edge detection
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Noisy labels hinder precise semantic boundary detection 
and segmentation
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Coarse labels (Cityscapes dataset)

Noisy labels (Semantic boundaries dataset)
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Related works include semantic boundary detection and 
level set segmentation

!7

▪ Semantic Boundary Detection 
• Canny edge detector [1987, Canny] 
• Semantic boundaries dataset 

(SBD)[ICCV2011, Hariharan] 
• Deep catogory-aware semantic 

edge detection (CASENet) 
[CVPR2017, Yu] 

• Simultaneous edge alignment and 
learning (SEAL) [ECCV2018, Yu] 

▪ Level set segmentation 
• Geodestic object proposal 

[ECCV2014, Krahenbuhl] 
• Deep level sets for salient object 

detection [CVPR2017, Hu] 
• Deep structured active contours 

[CVPR2018, Marcos] 
• Deep extreme level set [CVPR2019, 

Wang] 
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Semantic edge detection and active alignment are defined 
as an optimization problem
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Active alignment is to find a more accurate version ŷ of ground-truth 
label y

Semantic edge detection is to predict boundary maps for K object 
classes given an input image x through maximizing the likelihood of

, where indicate whether pixel m belongs class k

, where
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Semantic edge detection and active alignment are defined 
as an optimization problem
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Objective:

Semantic edge detection is to predict boundary maps for K object 
classes given an input image x through maximizing the likelihood of

, where indicate whether pixel m belongs class k

Active alignment is to find a more accurate version ŷ of ground-truth 
label y, where
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STEAL architecture consists of two parts: semantic edge 
detection and  active alignment
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1.1 Boundary loss
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1.1 Boundary loss 1.2 NMS loss

1.3 Direction loss

Non-maximum suppression
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Semantic boundary prediction involves thress losses
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1.2 NMS loss 

1.3 Direction loss

1.1 Boundary loss

Non-maximum suppression
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STEAL architecture consists of two parts: level set 
formulation and regularization loss
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1.2 NMS loss

1.3 Direction loss

2. Level set formulation1.1 Boundary loss



Devil is in the edges, Acuna et al, CVPR2019

Level set formulation is built for active edge alignment
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2. Level set formulation

Geodestic active contours, Caselles et al., IJCV1997
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Level set formulation is built for active edge alignment
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2. Level set formulation

Prior Edge detector

Geodestic active contours, Caselles et al., IJCV1997



Devil is in the edges, Acuna et al, CVPR2019

Level set formulation is built for active edge alignment
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2. Level set formulation

Geodestic active contours, Caselles et al., IJCV1997
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Prior Edge detector
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Level set formulation is built for active edge alignment
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2. Level set formulation

Geodestic active contours, Caselles et al., IJCV1997

Prior energe:

Gradient descent:
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Level set formulation is built for active edge alignment
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2. Level set formulation

Geodestic active contours, Caselles et al., IJCV1997

Prior energe:

Level set trick:

Gradient descent:
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Level set formulation is built for active edge alignment
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2. Level set formulation

Geodestic active contours, Caselles et al., IJCV1997

Prior energe:

Gradient descent:

Level set trick:

Rewrite evolution:
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STEAL architecture consists of two parts: level set 
formulation and regularization loss
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1.2 NMS loss

1.3 Direction loss

2. Level set formulation1.1 Boundary loss
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Minimizing the objective function is performed with an 
iterative two step optimization process
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Objective function:
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Minimizing the objective function is performed with an 
iterative two step optimization process
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Step 1: Fixed θ, optimize ŷ

Step 2: Fixed ŷ, optimize θ

Objective function:
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Experimental results show the effectiveness of STEAL in 
producing crisp semantic edges
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Experimental results show the effectiveness of STEAL in 
tolenrence for noisy labels
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Conclusions

▪ Proposed a simple and effective 
Thinning Layer and NMS and 
direction loss that can be used in 
conjunction with existing boundary 
detectors

▪ Introduced a framework that reasons 
about true object boundaries during 
training to deal with the fact that most 
datasets have noisy annotations
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https://github.com/nv-tlabs/STEAL

https://github.com/nv-tlabs/STEAL

