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Importance of correct topology for image segmentation
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• Existing methods optimize w.r.t. per-pixel accuracy

• Topological errors: 
• broken connection, missing components 

• Structural errors damage downstream analysis

Input Image Ground Truth Likelihood Map With Topo Errors Structures Our Method



Why Discrete Morse Theory

• Fix topological errors with persistent homology: 
• [Hu et al. NeurIPS’19] – Topological loss by matching persistence diagram
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Not efficient enough!

DMT StructuresInput Image Likelihood Map Critical Points



Summary of Contributions

• Our contributions:
• DMT loss: capturing the critical structures of the training data
• DMT-based loss function for end-to-end training of neural networks
• Efficiency: converging faster than topological loss
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DMT Loss

• loss function – train the model to be topology-preserving
• Identity the critical structures instead of critical points

5

Overview of the proposed method
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Morse theory
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Likelihood Map Density Map Density Map for highlighted region

 Gradient:

Critical Points (minimum, maximum, saddle):  



Persistence-based structure pruning
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Approximation
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Qualitative Results



Quantitative Results for 2D datatest
• Per-pixel error, DICE score, Betti number error, Adjusted Rand Index, Variation of 

Information

10



Quantitative Results for 3D datatest
• Per-pixel error, DICE score, Betti number error, Adjusted Rand Index, Variation of 

Information
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Comparison with reweighted cross entropy loss
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Conclusions

• DMT loss identifies critical structures that are relevant to image topology and fixes them 
once at a time.

• Could be incorporated into any segmentation backbones to train the model to be 
topology-preserving.

• Works for both 2D and 3D images with rich structures.



Thank you for your attention!

Contact: Xiaoling Hu xiaolhu@cs.stonybrook.edu
Website: https://www3.cs.stonybrook.edu/~xiaolhu/
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