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Abstract: Imaging anisotropy poses a critical challenge in applying deep learning models to 3D
medical image analysis. Anisotropy downgrades model performance, especially when slice spacing
varies significantly between training and clinical datasets. We propose a transformer-based model to
tackle the anisotropy problem. It is adaptable to different levels of anisotropy and computationally
efficient. Our model outperforms baseline models in 3D lung cancer segmentation experiments.
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ﬂ Experiment dataset is the lung canch

segmentation dataset from the Medical
Segmentation Decathlon [2], including
20,707 lung CT slices from 63 subjects. Original Image 3D UNet
+ Besides the original dataset, we created
another dataset by re-slicing the
original dataset into the same voxel
spacing. Hence, we have two dataset of
different distribution of voxel spacing.
+ By testing the models on the original
test data, we can compare the ability to

\ adapt to variable spacing. /

Original Image TSFMUNet

ﬂ- The result confirms that our
transformer-based model outperforms
the baseline models on both datasets.

+ Comparing the results in the two
tables, one sees performance drop:
3D U-Net>LSTMUNet>TSFMUNet

+ The model trained on images with
smaller inter-slice spacing will assume
a tighter relationship between slices
and the 3D kernels will have greater

interaction between features from
\ different slices. /

Segmentation results on models trained on re-sliced dataset

DICE SCORE COMPARISON (ORIGINAL DATA). DICE SCORE COMPARISON (RE-SLICED DATA).
Model Dice Score Model Dice Score Performance Drop
TSFMUNet 0.8717 TSFMUNet 0.8674 0.0043
gSTMUNe‘ 8-332 LSTMUNet 0.8217 0.0356
D U-Net : 3D U-Net 0.7261 0.0483
2D U-Net 0.7309
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