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Residual network intelligent bone age assessment model established
base on China-05 attention and overlay texture

GUO Zisheng, WANG Jifang”, SHEN Xiaolong, SU Peng
(College of Mechanical & Electrical Engineering, Beijing Information

Science and Technology University, Beijing 100192, China)

[Abstract] Objective To establish a residual network model combining China-05 attention mechanism and multi-layer
texture overlay. and to explore its value for assessing bone age. Methods Through combinational optimization to better
characterize the global features of hand bone X-ray images with less information, a multi-layer overlay texture enhancement
processing layer was introduced to reduce the interference of impurity information and release computing power. The China-
05 spatial attention mechanism was designed, and the standard of human hand bone development in China was introduced to
make the model intelligently focusing on ROI and automatically locating and learning the key information of images. The
50-layer deep residual network was built to integrate the overlay enhancement layer and the attention mechanism, and its
value for assessing bone age was evaluated. Results The hybrid improved deep residual network model ZH05-DL-
ResNet50 was successfully established, with the accuracy of 98. 14 % for assessing bone age, and the mean absolute error
of 0. 312 year. Conclusion A residual network intelligent bone age assessment model based on China-05 attention and
overlay texture was successfully established, which was helpful to improving the accuracy of assessing bone age in Chinese
population.
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