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Image segmentation models have shown remarkable success across
various medical imaging applications!'). However, their transition to
oncological Positron Emission Tomography/Computer Tomography
(PET/CT) imaging poses significant challenges, particularly when
handling out-of-domain data, which impact the models' robustness
and generalizabillity.

e Training cohort: 1014 studies from
900 patients acquired in Tubingen.

e Test cohort: 150 studies from 2
imaging centers (Tubingen, Munich).
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Figure 1: Overview of nnUNet (blue) & TransUNet (blue + green).
Figure 5: Axial image slice visualization showing the ground truth mask (red) and the
Metric predicted mask (green).
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Figure 2: Volume Rate illustration.
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Volume Rate(VR), =
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