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Automatic Retinal Vascular Segmentation Method based on
Densely Connected Convolution Neural Network

TANG Ming-xuan , LI Xiao-jie, ZHOU Ji-liu
(College of Computer Science and Technology , Chengdu University of Information Technology , Chengdu 610225 , china)

Abstract : Deep convolutional neural network ( DCNN ) has shown its superior performance in image classification and seg-
mentation problems. It has been extensively studied and also promotes the medical image segmentation development. Fun-
dus retinal blood vessels are non-invasive directly observed blood vessel ,which can provide one of the most important ev-
idences for the diagnosis of ophthalmic diseases. For example, capillary proliferation provides important guidance for the
diagnosis of ocular diseases such as diabetes. Therefore ,a correct and efficient method of retinal blood vessel segmenta-
tion becomes a clinical requirement. In this paper,we propose a method of densely connected-based convolution neural
network for retinal blood vessel segmentation. The proposed innovative network employs densely connect for reusing fea-
tures and enhancing feature delivery. This method uses batch normalization enabling the network to converge to better re-
sults with less time. Combined with the dilated convolution,the network can get more accurate segmentation results. By
this method ,we can gain a better performance without using pre-processing and post-processing. Through the comparison
experiments with traditional machine learning methods and other DCNN segmentation methods,the proposed method can
achieve better average accuracy and sensitivity. The specificity reached 0.9617,0.7325,0.9839 ,and a pixel wide AUC
reached 0. 978. Experimental results demonstrate the effectiveness and efficiency of our method.

Keywords : deep learning ; convolutional neural network ;image segmentation ;retinal blood vessels



