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Lung Parenchyma Segmentation of Lung X-ray Images Based on
Selective Self-Calibration Convolution U-Net

WANG Yi, LIKun
(College of Artificial Intelligence, Tianjin University of Science & Technology, Tianjin 300457, China)

Abstract: Aiming at the problem that U-Net segmentation algorithm cannot extract multi-scale features and is susceptible to
artifacts and noise, which leads to imprecise segmentation of lung parenchymal in lung X-ray images, an improved U-Net
algorithm based on Selective Self-Calibration convolution is proposed in this article. The improved U-Net algorithm replaces
the common convolutional module with the Selective Self-Calibration convolution module, which adopts a multi-branch
structure to extract multi-scale feature information, and uses Sigmoid function and Softmax function to selectively correct the
multi-scale feature information, so that the corrected feature information focuses on the lung parenchyma region and the
output features are more targeted. Experiments showed that this method brought some improvement on dice coefficient,
intersection over union, F; score and improved the segmentation accuracy of the lung parenchymal.
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