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U-Net automatic lung segmentation based on feature fusion
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Abstract: Objective To obtain a type of more effective feature by combining lung color features with texture features, and to
accurately extract lung parenchyma by segmenting the lung CT image using improved U-Net deep learning network
structure. Methods The CT image data used in the study were derived from LIDC-IDRI dataset. The color features and
texture features were firstly extracted through color space conversion and high-order neighborhood statistics. Then, the mean
weighted histogram was used to fuse the two types of features; and the obtained features were input into the improved U-Net
model for 1 000 CT scan tests, thereby achieving a complete lung parenchyma output. Results The Dice coefficient,
sensitivity and specificity of the proposed method were 93%, 96% and 97%, respectively. Conclusion The proposed method
which has a higher segmentation accuracy than the single feature segmentation method can effectively improve the accuracy
of lung parenchyma segmentation and provide a reliable basis for the subsequent automatic diagnosis of lung diseases, thus
reducing the cost of clinical diagnosis and shortening the time for diagnosis.
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Fig.1 Color feature vector construction
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Fig.2 Texture feature vector construction
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Fig.4 Flow chart of lung parenchyma segmentation
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Fig.8 U-Net lung parenchyma segmentation
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