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Introduction

Domain Adaptation in Medical Image:
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Method
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Method

Adaptation+semi-supervised learning:
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Fig. 2. MixMatch architexture




Resulis

DataSet:

Source Domain S1 Source Domain S2 Target Domain t
MRI-TICE 1000 images MRI-T2 800 images MRI 500 images




Results

starGAN:




Resulis

MIOU DICE

Without DA 0.434 0.574 0.385 0.443
Only DA 0.497 0.602 0.445 0.485
DA+SSL 0.656 0.588 0.506 0.543




@ Conclusions

Improvement:
- Scalability —— starGAN

- Semi-supervised method

Prospect

- training with tranfered image (false negative problem)
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