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Multi-scale Segmentation of Retinal Vessels Based on U-Net
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Abstract; The morphology and structure of retinal vessels have always been one of the important diagnostic indicators of hypertension,
coronary heart disease,diabetes and other diseases,and their detection and segmentation are of great significance. In order to solve the
problems of loss of vascular endings and rupture of small vessels in the segmentation of retinal vessels,a multi—scale segmentation method
based on the improved U-Net model is proposed, which maintains feature extraction at different scales by adding convolutional blocks
between the encoding stage and the decoding stage. At the same time,the added convolution blocks are densely connected to solve the
problems of shallow layer feature loss and gradient disappearance caused by the deepening of the network, so as to enhance the feature ex-
traction ability of the model and improve the segmentation performance. In addition, Dice loss function is used to solve the problem of
unbalanced positive and negative samples in the data set. Two data sets, CHASE_DB1 and Drive, were used for training and testing in the
experiment. The comparison with U-Net, Residual U-Net, Ladder—Net and R2U—-Net shows that the proposed method has achieved
better segmentation effect due to the retention of multi—scale details. Experimental results show that the proposed method can effectively
extract the vascular network from healthy and pathological retinal images,and can better segment small vessels.
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