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Liver capsule segmentation in ultrasound image using edge supervision based network

PU Xiuli', LIU Xiang', TANG Xian', SONG Jialin®
1. School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China; 2. Department
of Ultrasound Diagnosis and Treatment, Shanghai Changzheng Hospital, the Second Military Medical University, Shanghai 200003, China

Abstract: The early detection of liver fibrosis and liver cirrhosis is of great significance for clinical treatment and prognosis
evaluation, and the morphological and texture characteristics of liver capsule are important for the computer-assisted
diagnosis of liver cirrhosis. An edge supervision based network (ES-UNet) is proposed for liver capsule segmentation in
ultrasound images. Based on the commonly used segmentation model (UNet), ES-UNet uses atrous convolution to expand
the receptive field, and edge supervision module to focus the feature learning on the region with large image gradient. In
addition, a mixed weighted loss function is used to reduce the extreme imbalance between the liver capsule and other regions.
The experimental results show that compared with those of original UNet model, the average Dice coefficient of ES-UNet is
increased by 0.1715, and the mean intersection over union is higher by 0.0215, and the other indicators are also elevated
significantly, indicating that each component of the proposed algorithm has a certain contribution to the optimization of
model segmentation performance. The improved model can achieve accurate liver capsule segmentation.
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Figure 1 Morphology of liver capsule at different stages
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Figure 5 Liver capsule segmentation results of different models in ultrasound images of healthy

individual and patients with mild, moderate or severe liver cirrhosis
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Table 1 Mean values of indicators of different networks on the entire test dataset
(il Ace MPA R P F, Dice MIoU
UNet+bce 0.9971 0.8747 0.7505 0.8166 0.7806 0.5180 0.823 1
UNet+bee-dil 0.9972 0.8717 0.7443 0.8378 0.786 6 0.6274 0.8265
UNet+bce-edge 0.9974 0.8913 0.7835 0.8404 0.8092 0.5553 0.8406
UNet+bce-dil-edge 0.9974 0.9013 0.8037 0.8237 0.8119 0.6504 0.8437
UNet+L-dil-edge 0.9974 0.9073 0.8159 0.8127 0.8128 0.6895 0.8446
Acc: HHERfIZE ; MPA P EHEFOR I s R A3 1R PR HESR s | - F, 798 Dice : Dice 40 MIoU : P38 1
R2 FENEEANTRE S AN ERE S LR ESITLR
Table 2 Quantitative comparison of different networks for liver capsule images at 4 different stages
FEAY Acc MPA R P F, Dice MIoU
IEH B UNet+bce 0.9984 0.9176 0.8356 0.9579 0.8926 0.5799 0.9022
UNet+bce-dil 0.9989 0.9332 0.8665 0.9868 0.9228 0.7597 0.9277
UNet+bee-edge 0.9987 0.9245 0.8491 0.9777 0.9089 0.6373 09158
UNet+bce-dil-edge  0.9987 0.9236 0.8472 0.9910 0.9135 0.7590 0.9197
UNet+L-dil-edge 0.9991 0.9564 09130 0.9672 0.9393 0.7939 0.9423
TR R UNet+bee 0.9969  0.8311  0.6637  0.7106  0.6863  0.4982  0.7597
UNet+bce-dil 0.9978 0.876 4 0.753 8 0.807 1 0.779 5 0.6522 0.8183
UNet-+bce-edge 0.9979 0.903 4 0.8078 0.7889 0.7982 0.5979 0.8311
UNet+tbee-dil-edge  0.998 1 0.8945 0.7898 0.8323 0.8105 0.696 1 0.8397
UNet+L-dil-edge 0.9982 0.906 5 0.8138 0.8212 0.8175 0.7451 0.8447
rh R AP R UNet+bee 0.9976  0.8992  0.7992  0.8894  0.8419 05228  0.8623
UNet+bcee-dil 0.9977 0.8974 0.7954 0.9083 0.8481 0.6328 0.8670
UNet+bce-edge 0.9979 09117 0.824 1 0.903 6 0.8620 0.5507 0.8777
UNet+bce-dil-edge ~ 0.9978 0.9211 0.8432 0.8750 0.8588 0.6512 0.8752
UNet+L-dil-edge 0.9979 0.9392 0.8795 0.8647 0.8720 0.6884 0.8855
HE A AR UNet+bee 0.9972  0.8942  0.7899  0.7749  0.7823  0.5578  0.8198
UNet+bce-dil 0.9973 0.869 1 0.7391 0.8204 0.7776 0.656 8 0.8167
UNet+bce-edge 0.9974 0.893 1 0.7874 0.7971 0.7922 0.5882 0.8267
UNettbce-dil-edge  0.997 3 0.902 6 0.8068 0.7767 0.7915 0.6739 0.8261
UNet+L-dil-edge 0.9975 0.923 1 0.8478 0.7748 0.8097 0.7378 0.8389
[ %j%j[fﬁk ] Dong Z. Comparative study on ultrasonic diagnosis of primary bile
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