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Research on bone age assessment method based on TW3-C RUS
method

GU Jing” , SUN Qilei, ZHANG Mingxuan
(School of Electronic Engineering, Xi'an University of Posts &. Telecommunications , Xi'an, Shaanxi,710121,
China)

Abstract: The classic Tanner and Whitehouse 3-Chinese RUS (TW3-C RUS) method strictly divides the
key epiphyseal regions of hand bone development into 9 grades,and does not fully consider the continuity
of epiphyseal development, leading in certain errors in bone age assessment. To solve this problem,a
modified method for assessing bone age based on TW3-C RUS is proposed. The idea of threshold method
is adopted to dynamically select the first N level probability values output by the network model,and use
the first N probability values as weights to calculate the hand bone weighted score,so as to reduce the
error caused by the single level judgment of the hand bone. Aiming at the problem of network model re-
dundancy, the cross stage partial network (CSP-Net) is used to lighten the deep residual network 50
(Resnext50). Experiments show that the mean absolute error (MAE) of the improved method for evalu-
ating bone age is 0. 421 4 years old for men and 0. 4128 years old for women, Compared with the classic
TW3-C RUS method, the bone age evaluation efficiency and accuracy are significantly higher. The a-
mount of network parameters after the lightweight is 46. 28 MB, which is significantly lower than that of
the Resnext50 network model.

Key words: bone age assessment; Tanner and Whitehouse 3-Chinese RUS (TW3-C RUS) ; convolutional

neural network; model lightweight
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Tab.1 Male radius and ulna scores

Bone area 1 2 3 4 5 6 7 8
Radius 16 21 30 39 59 87 138 213
Ulna 27 30 32 40 58 107 181 —
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Tab.2 Predicted probability results of radius grade

2023 4F %f 34 %

Level 1 2

3 4 5 6

7 8
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Tab.3 Threshold statistical results

Network Male Female

MAE /year MAE /year
Resnext50 0.61 0. 60
Csp-Resnext50 0.62 0.61
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