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Research about image recognition for medical care has been popular in recent years. UNet has high
performance in medical image segmentation. However, it is limited in its ability to capture long-term
characteristics. To solve this problem, TransUNet has been proposed by combining Vision Transformer
with UNet. Because processing for TransUNet requires memory and complexity, it is challenging to
implement the architecture to limited hardware. In this paper, we propose a modified TransUNet
architecture for hardware implementation. In this model, we applied Dynamic-Window to reduce memory
and calculation. Moreover, the window is independent so that the model can process more suitably in
parallel. In this experiment, we compared the model with the conventional one and evaluated both models.
We use the Synapse multi-organ segmentation dataset. As a result, we found that the model was
recognized as accurately as the conventional one and reduced used memory size.
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