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Rib Suppression Algorithm Based on U-Net in Chest Radiographs

JIAO Qing-Lei, ZHU Ming, WANG Bin-Quan, LIU Cheng-Lin
(School of Information Science and Technology, University of Science and Technology of China, Hefei 230027, China)

Abstract: Skeletal structure and human organs overlap in the chest X-ray films, which has a negative impact on the
intelligent detection system of doctors and pulmonary nodules, because X-ray image only has two-dimensional
information. Restraining rib structure in the image can improve the above situation to a certain extent. We regard ribs as
noise information in images, and use image denoising method to suppress ribs. In this study, we &se deep convolution
network as the basic model, and try to improve the performance of the model by analyzing'and trying a variety of
strategies. Ultimately, we use U-net network structure to enhance the performance of network details through jump
connections and residual learning strategies. Experiments prove th"a} the proposed method can effectively suppress the
adverse effects of rib structure in X-ray images, and improve the pefformance of pulmonary nodule detection tasks.
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