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Research on Image Preprocessing in Predicting the Bone Age of

Hand Bone X-ray Films

Su Ye,Li Jing,Xu Yinlin
(School of Computer and Electronic Information, Nanjing Normal University, Nanjing 210023, China)

Abstract ; Problems of scale, artifact and noise in the X-ray pictures of hand bone always exist during the bone age
prediction. The accuracy of prediction by normal filter and end-to-end deep learning neural network model is not so high
normally. This paper uses the method of U-Net, which is used for biomedical image segmentation,to split hand bone
X-ray film. The method uses image binarizaion to remove the background of mask generated by U-Net,and uses grayscale
straight square equalization to solve the problem of brightness of images. Deep learning neural network prediction after
fine pretreatments mentioned above can significantly improve the results of bone age prediction.
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Fig. 2 Results of regular image
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Fig.3 Flowchart of image preprocessing
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Fig.5 Comparison before and after mask binarization
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Fig. 6 The differences of brightness and grayscale histogram in the part of hand in pictures
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Fig. 7 Histogram equalization comparison ( the part of hand)
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