g16% F£11 g B it E N5 & M 2026 £1 A4
Vol.16 No.1 Intelligent Computer and Applications Jan. 2026

PR IR, SRR, WaEAk, . ETRMERLG B9 CHN B PEAG IR BIRI[ T]. FaeiH L5 H,2026,16(1) :59-65. DOI:
10. 20169/j. issn. 2095-2163. 24031901

E T4 A CHN BT b REXET

Mt R, BB, KER, SR
(1AL TRAZ ER5RSTREER, i W 056038; 2 WL TIRAY Nil5%E TREMR, ik H4 056038)

1 OE. HANE RIS (BAA) LR T T GP Ml TW YLkt ARG S T EEMMEM BT ML, A SCE
WA TEA 2 0 ) BTG Ab b X AL FNE AR AL R 34, SR — b 3 op [ N TF- Wi & & bR 05— CHN LA Se 3 il B 2
X SRR AT (A SRR 2 | DA S VR (0 BRI TN S0 YOLOVS 4 CHN v XM 4R B By AL T 43 BEAE o Se 0 R v T
PEALAR A 5 P AR AL A (2% HiFuse , 254 Transformer FIMEHEY, 51 A BRI HLE], e RRAE SR HAS | DAAR 0 A A9 v
WAk, 76 E A 05-CHN S F3RIE AT 44 %R 2% (MAE) 5 5. 83 M, A i 42 RNSA _F3R15 19 MAE 4 6. 24 4>
A T RE G INERE IR T 33. 8% , MAE W i F&A% , #E— B4R TH 7 5 M BoEAS O s gk

KSR BTG BRI 05-CHN 35 FHERLG ; JRpin

FE4 S TP391.41 XHEFRER . A XEHE . 2095-2163(2026)01-0059-07

A cascade model for CHN Bone Age Assessment based on feature fusion
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2 School of Mechanical and Equipment Engineering, Hebei University of Engineering, Handan 056038, Hebei, China)

Abstract: Most of the existing Bone Age Assessment ( BAA ) methods are based on the improvement of Western GP and TW
methods, which are not consistent with the development curve of Chinese adolescents. In view of the trend of nationalization,
regionalization and modernization of bone age assessment, this paper adopts a cascade model based on the Chinese wrist bone
development standard 05— CHN method and combined with prior knowledge, which integrates multi—regional features to achieve
more accurate bone age prediction. Firstly, the YOLOVS algorithm is used to apply the weight distribution of the CHN method to the
feature bone as a priori knowledge to the evaluation model. Then, using the feature fusion network HiFuse, combined with the
advantages of Transformer, the convolutional attention mechanism is introduced to improve the feature extractor to improve the
accuracy of the evaluation. Experiments on the self-made 05—-CHN dataset show that the Mean Absolute Error ( MAE ) obtained is
5. 83 months, and the MAE obtained on the public dataset RNSA is 6. 24 months. Compared with the original algorithm, the
detection speed is increased by 33.8 %, and the MAE is significantly reduced, which further improves the performance of the two-
stage evaluation method.
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Fig. 1 Two-stage bone age assessment model
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Fig. 2 Distribution of bone age in the dataset
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Table 1 mAP for different ROI positioning
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Table 2 Comparison of bone age assessment results from baseline

models
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VGGNet19!*) 143. 68 1~18 9.77
ResNet500 4] 25.00 1~18 9.49
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Table 3 Results of ablation experiments
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Table 4 Comparison of different methods on RNSA dataset

WikeS BlRAE ROIs MAE/ A
Zulkifley, et al. '] RSNA vV 7.70
Wibisono, et al. (3] RSNA Y4 6.97

Zhao, et al. ['¥] RSNA VvV 7.66
Wu, et al. ¥ RSNA vV 7.38
Hao, et al. [ RSNA Vv 6.29

A3 RSNA 2 6.24
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Table 5 Comparison of different methods on 05-CHN dataset

ik A EITE S ROIs MAE/ A
Zulkifley, et all'”) 05-CHN Vv 7.94
Wibisono, et al. '* 05-CHN Vv 7.06

Zhao, et al. ['®] 05-CHN VvV 7.36

Wu, et al. [*] 05-CHN Vv 7.44
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Table 6 Assessment results for different age groups

A B B AR MAE/ H
(1,3] 05-CHN 5.45
(3,4] 05-CHN 7.02
(4,5] 05-CHN 6.33
(5,6] 05-CHN 5.10
(6,7] 05-CHN 4.24
(7,8] 05-CHN 3.16
(8,9] 05-CHN 3.51
(9,10] 05-CHN 3.92
(10,11] 05-CHN 4.09
(11,12] 05-CHN 5.47
(12,13] 05-CHN 5.85
(13,14] 05-CHN 5.91
(14,15] 05-CHN 6. 60
(15,16] 05-CHN 6.92
(16,17] 05-CHN 7.37
(17,18] 05-CHN 9.04
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