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e Predicts smoother structures than the expert
annotations

e Compares on pare with previous FeTA submissions

e Has been evaluated by radiologist experts on a
private dataset : 45 reconstructed foetus MRI
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e Measures correlate well Measure | ME (%) R2
with segmentations SBIP 5703417 = 0.865769

bounding boxes
bBIP 7969022 | 754252

e Estimation of the rotation
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