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Abstract

MS is one of the most common autoimmune disorders of the central
nervous system. It is characterized by the destruction of the myelin
sheath of nerve cells and the formation of lesions in brain and spinal
cord tissues. Accurate detection of lesions in MRI images plays a
crucial role in diagnosing the disease, predicting patient recovery,
and selecting appropriate treatment methods. In this article, with a
review and analytical approach, the performance of three widely
used deep learning architectures including U-Net, ResUNet, and
AttentionUNet in the segmentation of MS lesions is examined and
compared. After introducing commonly used datasets and
evaluation metrics in this field, results from 34 reliable studies were
analyzed using the Dice coefficient. On average, U-Net, ResUNet,
and AttentionUNet architectures achieved Dice scores of 0.6562,
0.6937, and 0.7435 respectively in MS lesion segmentation in the
reviewed studies. The results show that AttentionUNet performs
better than other methods. Also, the strengths and weaknesses of
each method are analyzed and future research directions in this area
are proposed.
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