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Deep learning approaches, including 3D
U-Net, nnU-Net, and Transformer-based
models, have significantly improved

0 5 10 15 20 25 0 10 20 30 40 50
Epochs Epochs

Comparable performance; Optuna converged in 6 epochs (vs. 39) and
was retained.

100

organs.

e Our results indicate that optimizing the training
pipeline was sufficient to achieve performance
comparable to more complex architectures.
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metrics.

Pipeline optimization had a

Experimental Pipeline

Augmentation effects were organ-dependent. NBC often
produced the most stable Dice scores for challenging organs,
although no single strategy consistently outperformed the

U-Net+-+, TransUNet, Swin UNETR, and
nnU-Net.

e Pipeline optimization (pre-processing,
augmentation, patch extraction, and learning rate
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Training on an NVIDIA A100-SXM4 40GB
GPU; energy measured by the Narval
scheduler.
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Comparable Dice performance was observed across all

evaluated architectures, with no consistent superiority of
more complex models over the optimized baseline 3D U-Net.
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