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AA-UNet based liver cirrhosis assisted diagnosis system
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Abstract; In order to accurately extract the liver capsule in high—frequency liver ultrasound images, this paper adopts the attention

gates and atrous spatial pyramidal pooling UNet ( AA-UNet) segmentation algorithm to identify the liver capsule in high—frequency

liver ultrasound images, and based on the physical shape of the liver capsule to determine the degree of cirrhosis. First, the data—

enhanced high - frequency liver ultrasound images were fed into the network model for training; then, the trained model was

deployed to the cirrhosis assisted diagnosis system. The experimental results show that the cirrhosis assisted diagnosis system can

effectively recognize the liver capsule region and determine the degree of cirrhosis.
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Fig. 1 System flow chart
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Fig. 2 AA-UNet assisted diagnostic system processing
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Fig. 3 Evaluation metrics
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Fig. 4 Segmentation results of high—frequency ultrasound images
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Fig. 5 Segmentation results of high—frequency ultrasound images

of mild liver cirrhosis
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Fig. 6 Segmentation results of high—frequency ultrasound images

of moderate liver cirrhosis
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Table 1 Classification results of cirrhosis

25 FEA i HERIH (%)
1EH 60 90.00
iR 60 81.67
i 60 78.33
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Fig. 7 Login flowchart
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Fig. 8 Demonstration of system segmentation results
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