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Abstract: With the successful application of deep learning algorithms in the field of image segmentation,a large num-
ber of excellent algorithm architectures have emerged in the direction of image instance segmentation. These architectures
surpass the traditional methods in terms of segmentation effects and running speed. This paper focuses on the latest research
progress of image instance segmentation technology, summarizes the current classic network architecture and cutting-edge
network architecture ,and uses common datasets and authoritative evaluation indicators to compare and analyze the segmenta-
tion effects of each architecture. Finally, the challenges and possible development trends of image instance segmentation tech-
nology are prospected.
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