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[ Abstract |

gans in radiotherapy. However, automatic segmentation of pelvic organs based on CT images is still challenging. This paper

In recent years, deep learning has been gradually applied to the automatic segmentation and delineation of or-

introduces basic network models and frameworks commonly used in image segmentation, as well as the improvement of net-
work , loss function, and common datasets which is suitable for medical image segmentation. It focuses on the main networks
and results of deep learning in segmenting male pelvic organs automatically based on CT images in the past five years. Final-

ly, challenges and limitations of deep learning in automatic segmentation are discussed, as well as the potential research di-

rections in the future.
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Figure 1. Schematic of FCN Architecture'?*

FCN: Fully convolutional network.
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Figure 2. U-Net Architecture Proposed by Samaneh et al.
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Figure 3. Network Flow and Architecture Proposed by Sultana et al. '’

This first row shows the overview of network, and the second row shows U-net and GAN architecture for pelvic segmentation.

GAN: Generative Adversarial Networks.
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