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Abstract: Computed Tomography (CT) image segmentation provides a reliable basis for clinical liver medical analysis.

A Full Convolutional Network (FCN) is explored for detection and segmentation in liver CT images. FCN has been proven

to be a very powerful tool for semantic segmentation. It can accept inputs of any size and generate corresponding output

through effective reasoning and learning. This paper adjusts the classification network of Visual Geometry Group (VGG)

to a fully convolutional network and transfers it to the segmentation task through transfer learning. It shows an end-to-end,

pixel-to-pixel trained convolutional network semantic segmentation. This architecture can combine semantic information

from deep rough layers with appearance information from shallow fine layers to generate accurate and fine segmentation. In

this architecture, the liver segmentation Intersection-over-Union (IOU) value reaches 0.9, and a good segmentation effect is

achieved.
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Fig.1 Liver 3D picture
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Fig.2 FCN pixel prediction segmentation map
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Fig.3 Network architecture diagram (relu activation
function not shown)
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Fig.4 Curve change graph
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Fig.5 Liver segmentation results
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