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UCaps Network Based on EM-Routing Algorithm for
Medical Image Segmentation
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[Abstract] The existing medical image segmentation networks are limited lin” segmentation accuracy, and often lose
image information as well as produce vague segmentation boundary. In this paper, we propose a multi-label image
segmentation network,named UCaps, which combines capsule networks with U-Net.Taking U-Net as the basic structure,
we designs an up-sampling capsule algorithm based on the principle of capsule network. Combining EM-Routing
algorithm with Gaussian Mixture Model(GMM) is used to clusfer the probability inferences made by child capsules for
parent capsule, so the parent capsule can keep both the featureninformation of child capsules and the consistency of
location, posture and other information between child capsules./The experimental results show that compared with U-
Net, SegCaps and MaVec-Caps network, the average segmentation accuracy of UCaps network is 93.21%, and the
accuracy of left lung segmentation reaches 98.24%. Thefproposed network significantly improves the segmentation
accuracy and convergence speed.
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Fig.2 Structure of capsule network with EM-Routing
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Fig.72 Segmentation results comparison among different networks
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Table 2 Segmentation accuracy of right lung

comparison among different networks %

BES I 2R 200 2k c8k 500 IRk 000
UCaps 86 93 96
UCaps-Dynamic Routing 84 91 93
U-Net(Basline) 79 88 90
MaVec-Caps 84 90 94
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Table 3 Segmentation accuracy of right clavicle comparison among different networks

%

W% R UER/S UERVE UERIS UERVE U ERI€
1 000 2 000 5000 10 000 30 000
UCaps 12 18 28 59 71 81 87
UCaps-Dynamic Routing 9 9 17 47 68 79 82
U-Net(Basline) 0 0 2 3 28 60 80
MaVec-Caps 8 6 18 52 62 79 82
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