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Image Segmentation Algorithm Based on ResGRUU-Net
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Abstract; In order to improve the training efficiency of dense image segmentation, this paper designs an improved Res-

GRUU-Net based on the research of ResNet, GRU,U-net and other network models. Firstly, the convolution block in res-

gruu net is composed of two or three ResGRU blocks, which can extract different features from the original information

through multiple connected paths, so as to memorize and digest the rules contained in the previous features; secondly, in or-

der to improve the efficiency of data utilization, this paper uses random slicing and Mosaic slicing methods to amplify the da-

ta; finally, the training model was evaluated in data sets of DRIVE, STARE and CHASE_DBI, respectively. Through the

simulation analysis, the accuracy rate of the improved model on the test data set is increased by 0. 28%, 0.17% and 0. 46 %,

respectively, which shows that the improved model has higher accuracy and training time than the original model.
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