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Abstract

There is a problem that the size of the dataset is insufficient due to the limitation of the collection of the medical image public
data, so there is a possibility that the existing studies are overfitted to the public dataset. In this paper, we compare the performance
of eight (Unet, X-Net, HarDNet, SegNet, PSPNet, SwinUnet, 3D-ResU-Net, UNETR) medical image semantic segmentation models to
revalidate the superiority of existing models. Anatomical Tracings of Lesions After Stroke (ATLAS) V1.2, a public dataset for stroke
diagnosis, is used to compare the performance of the models and the performance of the models in ATLAS V2.0. Experimental
results show that most models have similar performance in V1.2 and V2.0, but X-net and 3D-ResU-Net have higher performance in
V1.2 datasets. These results can be interpreted that the models may be overfitted to V1.2.
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