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Retinal Vessel Image Segmentation Based on Improved
Convolutional Neural Network

Wu Chenyue, Yi Benshun®, Zhang Yungang, Huang Song, Feng Yu

Electronic Information School, Wuhan University, Wuhan, Hubei 430072, China

Abstract The retinal vessel segmentation in color fundus images is of great value for the clinical diagnosis and a
retinal vessel segmentation method based on an improved convolutional neural network is proposed. First, the
residual learning is combined with the densely connected network (DenseNet) to fully exploit the feature maps of
each layer. The path from the low-level feature maps to the high-level ones via the addition of shortcuts is shortened
and the feature propagation ability is strengthened. Second, as for the extraction of more fine vessels, the dilated
convolutions are adopted in the encoder-decoder network to expand the receptive field without the increase of
parameters. The experimental results show that the proposed network structure has less parameters, compared
with the other existing deep learning methods. The average accuracy on the DRIVE datasets is up to 0. 9556, the
sensitivity is up to 0.8036, the specificity is up to 0.9778, the area under curve of receiver operating characteristic
reaches 0.9800, better than the segmentation effects of the other existing deep learning methods.
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Fig. 4 Segmentation results by proposed method and method in Ref. [9]. (a) Original images; (b) ground truth;
(c) results in Ref. [97]; (d) results by proposed method
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Table 1 Retinal vessel segmentation performance comparison among different algorithms on DRIVE datasets

Method Accuracy Sensitivity Specificity AUC

Method in Ref. [4] 0.9489 0.7657 0.9809 -

Traditional Method in Ref. [5] 0.9539 0.7039 0.9783 -

method Method in Ref. [6] - 0.7897 0.9684 -

Method in Ref. [22] 0.9457 0.7527 0.9744 -
Method in Ref. [9] 0.9535 0.7811 0.9807 0.9765

Deep learning
Method in Ref. [10] 0.9533 0.7464 0.9836 0.9752
method

Proposed method 0.9556 0.8036 0.9778 0.9800
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