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Alternative methods achieved lower uncertainty estimates scales regarding uncertainty estimates as well as for
quality, while also requesting longer inference time or segmentation performance. This technique is also the fastest, as
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considered as black-boxes. This is partly due to the inability of O | threshold. A quantitative score was finally obtained by Sl
neural networks to express the uncertainty in their predictions. In Heteroscedastic Model (M3) computing the Area Under the Lesion Stratification Curve Voxel - AUCCC (E1) 0.731 0.705 0.745
recent years, massive efforts have been carried out to develop OO (AULSC). Lesion - AULSC (E2) 0.791 0.697 0.766
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In this work, we propose an in-depth evaluation of 3 state-of- X W\ + Labelflip Loss Friage - Dice (E3) 0.777 0.730 0.784

the-art approaches to quantify uncertainty attached to DL
predictions : Monte Carlo Dropout? (M1), Deep Ensemble3 (M?2),
and Heteroscedastic network®* (M3). Uncertainty estimates are
evaluated at the voxel, lesion and image levels. We illustrate this
comparison on an automatic segmentation task to detect White- Experiments
Matter Hyperintensities (WMH) from T2-weighted FLAIR MRI
sequences of Multiple-Sclerosis (MS) patients.
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Figure 2 : Uncertainty computation pipeline for each technique. y is the predicted
lesion probability, u is the uncertainty attached to the prediction.

Figure 6 : Evaluation results of the presented methods. Top-performing method is
highlighted in green.
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