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Research on lung CT image segmentation
algorithm based on the improved U-Net network
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[ Abstract] For the diagnosis and treatment of lung diseases, automatic detection of lung infection from Computed Tomography

(CT) images is of great significance in monitoring disease progression and further clinical treatment. Therefore, based on U-Net,a

new lung CT image segmentation network LG—Net is proposed. Firstly, the edge contour information is extracted from the focal

region by using the skip connection with the attention module. Secondly, the multi-level residual convolution and feature fusion

modules are introduced to make up for feature loss in the network. Experiments on public datasets show that LG—Net improves the

segmentation accuracy of lung CT images and has better segmentation performance than traditional U-Net algorithm.

[ Key words] lesion segmentation; multilevel residual convolution; attention module; feature fusion module
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Fig. 1 U-Net network structure
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Fig. 2 Basic residual unit
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Fig. 3 The architecture of the LG—Net model
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Fig. 6 Feature fusion module
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Fig. 8 Accuracy under different models
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Fig. 9 Visualization of segmentation results
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Fig. 10 Visualization of segmentation effect
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