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Context / Motivation
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Fully annotated image

Real-world annotated image:
missing annotations

How to deal with missing annotations in
digital pathology?

Related works / Gap

Medical image segmentation with missing annotations
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Semi-Supervised Active Learning SSL + AL [3] Using only patches with

Learning (SSL) [1] (AL) [2] annotations:
Only Positive [4]

 We test if combining different SSL and AL methodologies improves performance over using SSL, AL or other strategies separately for
segmentation in histopathology images when training with missing annotations.

Our approach
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