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[Abstract] Objective: To investigate the feasibility of a deep learning model-based approach to a-
chieve clinical application for bone suppression of the chest X-ray (CXR) images.Methods: The dataset
consisted of open source dataset and self-collected dataset of 300 pairs,each pair of images including a
conventional X-ray chest radiograph and a bone suppressed X-ray chest radiograph,in which the open
source data group (JSRT+ BSE JSRT) contained 241 pairs, and the self-collected data group (dual-
energy subtraction chest radiography) contained 59 pairs.The residual deep neural network (ResNet)
was used as the infrastructure for the bone suppressed model,combined with the dynamic U-Net net-
work and the Imagenet pre-trained VGG (Visual Geometry Group) network based image activation
and style features were extracted to form a loss function to train the bone suppression model. The data
were randomly divided into training dataset (80%), validation dataset (5% ) and testing dataset
(15%).The peak signal-to-noise ratio (PSNR) and structural similarity (SSIM) in the test set were
used as the evaluation metrics for the CXR bone suppression model.Results:In the test set,the PSNR
(dB) and SSIM of the CXR bone suppression model were 31.94=+2.49 and 93.37% +£5.11% , respec-
tively.According to the analysis of PSNR values,88.89% of the predicted images showed good quality,
and according to the analysis of SSIM values, 86.67% of the predicted images have more than 88%
structural similarity with the target images.Conclusion: The deep learning model is feasible for bone
suppression of X-ray chest images, which not only improves the diagnostic efficiency of physicians,but
also greatly increases the diagnostic accuracy,and can be used for further research and potential clinical
application.
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