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Intelligent Bone Age Classifier Based on Deep Learning Algorithm
GUO Zi-Sheng, WANG Ji-Fang, SU Peng

(Mechanical Electrical Engineering School, Beijing Information Science and Technology University, Beijing 100192, China)

Abstract: The extracted features of medical hand bone images by the general deep learning algorithm can’t well
distinguish the differences from images with similar age. It leads to the low prediction accuracy of bone age classifier. An
improved bone age classifier, named RIL-MobileNetV3 Large, in accordance with the deep learnihg—‘based lightweight
neural network MobileNet is designed. A dataset of hand bone is generated by the improved LBP processing layer with
fine textures and an attention mechanism for automatic positioning is intrO(iuced. It complete the recognition and
classification of bone age by learning deep area features in the X-ray'of hand bone treated by the processing layer. A lot of
training is carried out for tuning accompanied by the experiment on i)ublic datasets. The results show that the improved
classifier has got a high accuracy of 94.204% and a mean error of 0.350 years in the bone age prediction. The improved
lightweight network lays a foundation for mobile, intelligent and portable prediction devices of bone age.

Key words: bone age classifier; deép learning; LBP texture enhancement; attention mechanism; MobileNet; neural

network; texture feature
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