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Image quality control of axial patella X-ray images using automatic classification models based on deep
learning E Tu-ya, WANG Cen, HUANG Jia-hao, et al.Department of Radiology, Peking University
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[Abstract] Objective: To develop classification models based on deep learning to automatically
classify the axial patella X-ray images in order to assist in image quality control.Methods: Axial patellar
X-ray images were retrospectively collected. All images were reviewed by two radiologists and classi-
fied into three groups of binary classification, which included postoperative and nonoperative group (n
=175, postoperative; n= 96, nonoperative; n=79), laterality group (n=735,left:n=1419, right;:n=
316) ,image quality group (n=453, poor image quality: n= 246, good image quality: n=207).Each
group data was randomly divided as train set,validation set and test set with the ration of 8:1:1.The
classification models were trained using HRNet network,and the effectiveness of the models were e-
valuated using confusion matrix.Results: The accuracy of classification models of the axial patella X-ray
images in the test set were as following : postoperative and nonoperative group 94.4% (17/18),lateral-
ity group 98.6% (73/74) ,and image quality group 91.1% (41/45).Conclusion: The models of automat-
ic classification of axial patella X-ray images have a good performance, which was beneficial to the

quality control and the subsequent implementation of Al diagnosis models.
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