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Review of deep learning-based medical image segmentation
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Abstract: As a fundamental and key task i@pu er-aided diagnosis, medical image segmentation aims to accurately
recognize the target regions such as organs, )@s nd lesions at pixel level. Different from natural images, medical images
show high complexity in texture and have the boundaries difficult to judge caused by ambiguity, which is the fault of much
noise due to the limitations of the imaging technology and equipment. Furthermore, annotating medical images highly
depends on expertise and experience of the experts, thereby leading to limited available annotations in the training and
potential annotation errors. For medical images suffer from ambiguous boundary, limited annotated data and large errors in
the annotations, which makes it is a great challenge for the auxiliary diagnosis systems based on traditional image
segmentation algorithms to meet the demands of clinical applications. Recently, with the wide application of Convolutional
Neural Network (CNN) in computer vision and natural language processing, deep learning-based medical segmentation
algorithms have achieved tremendous success. Firstly the latest research progresses of deep learning-based medical image
segmentation were summarized, including the basic architecture, loss function, and optimization method of the medical
image segmentation algorithms. Then, for the limitation of medical image annotated data, the mainstream semi-supervised
researches on medical image segmentation were summed up and analyzed. Besides, the studies related to measuring
uncertainty of the annotation errors were introduced. Finally, the characteristics summary and analysis as well as the
potential future trends of medical image segmentation were listed.
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multi-directional fusion module
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Fig. 12 Schematic diagram of hierarchical distillation
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Fig. 15 Data augmentation methods based on GAN
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