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Abstract

U-Net has become the most widely used medical image segmentation model in the field of medical
image segmentation, and many studies related to medical image segmentation use U-Net as the
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baseline standard. A series of variant segmentation models based on U-Net have also emerged, in-
cluding CoTr, which stands for Convolutional Neural Network and a Transformer. As its name
suggests, CoTr is a segmentation network that combines convolutional neural networks and
Transformers, with a U-Net like U-shaped structure. CoTr constructs convolutional layers to ex-
tract feature representations and constructs effective deformable Transformers (DeTrans) to
model the long-range dependencies of the extracted feature maps. Unlike vanilla Transformers
that treat all key positions equally, DeTrans introduces a deformable self attention mechanism
and only focuses on a small portion of key positions. Therefore, the computational and spatial
complexity of DeTrans is greatly reduced, making it possible to process multi-scale and high-reso-
lution feature maps, which are usually crucial for image segmentation. The CoTr model has been
extensively evaluated on the multimodal abdominal segmentation dataset (Amos dataset). The
results indicate that CoTr brings continuous performance improvement in 3D multi organ seg-
mentation tasks compared to other CNN based, Transformer based, and hybrid methods.
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Figure 1. CoTr network structure diagram
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Figure 2. Top-ten most frequent diseases and diseased organs
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Figure 3. Number of annotated voxels per category
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Table 1. Comparison of segmentation results
= 1. DEIEERIIL
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il JH iy ey
U-Net 89.06 91.09 91.61 86.36 87.18
CoTr 96.23 96.31 97.05 96.28 95.29
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Table 2. Results of ablation experiment
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CoTr without CNN i fig 2% 93.83 95.23 96.21 92.36 91.52
CoTr without DeTrans % fith 2% 93.71 94.96 95.47 92.65 91.75
CoTr 96.23 96.31 97.05 96.28 95.29
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