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Abstract

The accurate segmentation of retinal blood vessels is a critical step in the clinical diagnosis of
ocular disorders. However, the vessel segmentation remains highly challenging due to complex
structures, as well as blurred edges and variable morphology. Based on UNet++, we propose a new
network model for segmenting retinal vessels (Dil-UNet++). The Dil-UNet++ employs multi-layered
void convolutional modules for feature extraction, enabling the network to achieve a flexible fea-
ture extraction receptive field, thereby enhancing the performance of feature extraction. The ad-
dition of the attention mechanism module in the jump connection part of the network improves
the channel weight and spatial weight associated with the segmentation target. Instead of maxi-
mum pooling, convolution is utilized for down-sampling to avoid loss of vessel details. Based on
the segmented DRIVE retinal vessel image dataset, the training and validation results show that
the Dice coefficient, ac-curacy, and precision are respectively 87.65%, 96.99%, and 92.82%, which
prove the validity of Dil-UNet++ model.
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Figure 1. The overall framework of the Dil-UNet++ model
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Figure 2. Structure of the dilated convolution module
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Figure 3. Structure of convolutional attention module
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Figure 4. Channel attention mechanism module
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Figure 5. Spatial attention mechanism module
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Figure 6. Example diagram of maximum pooling
and average pooling
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Figure 7. Convolutional down-sampling example
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Figure 9. Images at various stages of pre-processing
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Figure 11. Example of segmentation results for the DRIVE dataset (original,
probabilistic prediction, binary prediction, and labeled graphs in that order)
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Figure 12. Enlarged view of local segmentation results
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Figure 13. Loss function value variation during the training and validation process
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Figure 14. Image of verification process accuracy and F1 value variation
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Figure 15. PR curve and ROC curve
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Table 1. Comparison of validation results of different models in the DRIVE dataset (%)
= 1. FE#E87E DRIVE BUIBERIFLRELE(%)

Architecture DICE MloU Accuracy Precision F1
UNet 83.21 84.00 89.15 89.21 75.29
UNet++ 86.09 87.15 94.16 90.32 79.57
AttentionUNet 82.37 82.50 90.22 89.97 82.88
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ResUNet 80.68 81.25 95.89 90.28 80.04
Dil UNet++ 87.65 85.52 96.99 92.82 84.72
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