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Experimental Performance Evaluation

Proposed method vs. various architectures Proposed method vs. graphical models

+10 to 15% pixel accuracy 
+3 to 5% Dice 

-2 to +3% pixel accuracy 
+13 to 38% Dice 
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FCN-32s (16 layers) 0.730.780.760.860.80

Original +Smoothness +Topology DeepLab [3] CRF-RNN [4]

FCN-32s (16 layers) 0.420.690.800.780.70
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MICCAI’15 GLaS Challenge [1] 
70 Training / 15 Validation / 80 Test 

Proposed method vs. challenge winner 
+3% Dice, +18% F1 score , -12% Hausdorff  

Colon Adenocarcinoma (Warwick-QU dataset) [1]
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Traditional Segmentation Methods: 
level sets, graph cuts

Deep Learning: 
fully convolutional networks

Proposed: prior-augmented loss 
in fully convolutional networks 

Flexible priors encoded as energy terms

 Sensitive to data terms and initialization

 Pixel-wise only loss (energy)

Strong and robust data representation

Other Multi-Part Objects: Brain (PET), Heart (CT)

Lumen
Epithelium

Proposed Topology-Augmented Loss

Multi-Part Object Segmentation

Multi-Region Interactions
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Pixel-Wise Topology Loss: 
favours topologically-valid label assignments

Pairwise Regularizer: 
favours smooth segmentations
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