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Bilinear non-local features combined with intermediate supervision network for retinal vessel

segmentation
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Abstract: The accurate segmentation of retinal vessels in fundus images is of significance for the detection of various
diseases and plays an important role in automated screening system for associated diseases. To address the problem that
existing methods neglect to consider the complexity of the algorithm when pursuing segmentation accuracy, which leads to
difficulties in deployment on resource-constrained medical devices, the number of feature channels in the convolutional layer
is further reduced to lighten the segmentation network, and a bilinear non-local intermediate supervision network (BNIS-Net)
is proposed. In BNIS-Net, the multi-scale images are taken as input and fused into the coding for establishing good
connections between different receptive fields, and a bilinear non-local module is added to enhance the capture of relevant
contextual information. During the decoding, an intermediate supervision strategy is adopted to constrain the learning of the
network by providing supervision to the output of the decoding at all levels, which can effectively improve the BNIS-Net
uses a parameter of 0.41 M on 3 public data sets of DRIVE, START and CHASE, and achieves DSC values of 81.02%,
81.07% and 78.15%, and AUC values of 0.983 3, 0.986 1 and 0.985 9, respectively. It was demonstrated by numerous
comparative experiments and ablation studies that the method can better segment the edge details of vessels.
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Figure 2 Bilinear non—local module
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Table 1 Ablation studies on BNIS-Net
e Se/%  Sp/% DSC/% ACC/% AUC
Baseline 7292 9849 7872 9511 09794
Baseline+MSI ~ 74.91  98.66 7931  96.54  0.9806
Baseline+BNL ~ 75.56  98.64  79.62  96.62  0.9810
Baseline+IS 76.83 9849  79.80  96.60  0.9811
BNIS-Net 82.00 9838  81.02 9672 0.9833
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Figure 3 An original image taken from the data sets of DRIVE, STARE and CHASE_DB1 and the segmentation results of different methods
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Table 2 Comparison of the performance of different methods on 3 data sets

Hdige Se/%  Sp/%  IoU/% DSC/% ACC/%
DRIVE SegNet!24] 8690 8221 3281 4941  82.62
DeepLabV3+25! 66.88  98.08 5562  71.51 9535
ENet'26) 71.16  97.89 5832  73.67  95.56
U-Net!'?) 7571 9830  64.18  78.18  96.32
Att-UNet"?"! 74.15 98.75 65.59 7922 96.60
BNIS-Net 82.00 9838  68.09  81.02  96.72
STARE SegNet!24) 7738  88.56  32.89 4950  87.70
DeepLabV3+2! 57.69  98.04 4651 6349  94.94
ENet/2¢) 4098  99.04 3692 5393 9438
U-Net!!3 66.53 9890  58.69 7397  96.42
Att-UNet'27) 7229 9880  63.16 7742  96.77
BNIS-Net 81.81 9834 6817 8107  97.07
CHASE DBI SegNet! 24 8550  74.16 1847  31.18  74.86
DeepLabV3+25) 67.19 9678 4496  62.03 9497
ENet'20) 56.89 9830 4515  62.21 95.77
U-Net! 3! 7811  97.99 5973 7479  96.77
Att-UNet!2") 69.13  98.65 5726 7282  96.84
BNIS-Net 83.99 9798 6413 7815  97.12
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Figure 4 Comparison of ROC curves and AUC values obtained by different methods on 3 data sets
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Figure 5 Two original images taken from the data sets of DRIVE, STARE and CHASE_DB1 and the segmentation results of different methods
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Table 3 Comparison of the complexity of different methods

Hi%E ZHEEM NAEEI/MB G ER/M HEPEFERT/s AUC
SegNet-24] 29.46 337.37 58.91 0.28 0.9294
ENet'26] 0.37 5.51 0.74 0.16 0.9548
DeepLabV3+25) 41.06 470.08 82.23 0.21 0.9575
U-Nett 3! 2.07 23.77 4.13 0.18 0.9762
Att-UNet?7] 8.91 102.41 17.82 0.19 0.9793
BNIS-Net 0.41 5.40 0.81 0.22 0.9833
#4 TNEIFHELER
Table 4 Results of the cross—training evaluation
WA B 4 Se/%  Sp/% ACC/%  AUC
DRIVE(7£ STAREYII%:)  YanZ%[!7) 70.14  98.02 9444 09568
Li%g(s) 7273 9810 9486  0.9677
DUNet!?! 65.05 99.14  94.81  0.9718
BNIS-Net 7145 9874 9635 09735
STARE(fEDRIVEJII%:)  YanZ§[17) 73.19 9840 9580  0.9678
Li%pi8] 7027 9828 9545  0.9671
DUNet" 70.00  97.59 9474  0.9571
BNIS-Net 7624  98.08 9640  0.9686
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