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Abstract

Accurate estimation of Skeletal Age (SA) in individuals under 18 years old is crucial for vital
clinical decisions, such as timing orthopedic interventions and growth prediction. Traditional
atlas-based methods (e.g., Greulich and Pyle) are time-consuming and prone to human error. This
study aims to evaluate and compare the performance of modern Artificial Intelligence (Al)
models, specifically Deep Neural Networks (DNNS), in the automated estimation of skeletal age
from hand and cervical radiographs. This study was compared the performance of Convolutional
Neural Network (CNN)-based models against standard manual assessment, focusing on metrics
such as Mean Absolute Error (MAE) and accuracy across different age groups. Preliminary results
indicate that DNN models have the potential to achieve higher accuracy with an MAE below 8
years, significantly accelerating the diagnostic process. This research underscores the necessity of
validating these models on diverse, localized datasets to establish them as robust tools for clinical
practitioners.
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. skeletal age

. physeal-sparing procedures

. Greulich-pyle atlas (GP)

. Artificial intelligent (Al)

. Deep learning (DL)

. deep neural network

. convolutional neural network
. super vector machine

. transfer learning
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. generalizability

. bias

. consistent baseline
. mean absolute error
. overfitting

. explainability

AN W=



VE00 g of oyled o U})e)\}agéﬁ}i‘so)’yjéwuuysha%suu.a.é I \A

10
9
_ 8
o
s 7
w
2 6
=
3 5
©
c 4
S 3
=
2
1
JAT ST
0
Category 1 Category 2 Category 3 Category 4
.GP)>JW«: \!.:'-/U - Al/DL ((Q)ijg,..u AI/DL ((';\>)§}:"_}_}"”

(:)Jjbélfj.;):dﬁj&@ﬂj}“l{bﬁf|#)él§w|y&.@'dhj3)&lhadwwﬁp.\ BIEY

(DL) 5o Lsﬁfali 9 Frrns P p gha cadde sd oo sdalin Vb5 s 534S Hsbolea
S iz (GP) s i s i) 4 Cod 5508 (MAE) Gl sl 5 K0e 6115 g 5 JB ) sbay

S e b Ol 5 5 05,8 Sl e e 53 1y OT YL C8s Ll oy

S S aoes ¥

S o Ol Ty L VA 53l 31 (Sl e 53 et (omae LA e sl gy S anlllas
SRIP Sk 51 Slles (L Sl el (o s (LS )50 S35 4 gBa idie A o 5
Loy S S s b e Sl ) g sliel (ml ol Sler el 5 Olabl ) lateny tias e

ol b s gl Sl o e sline

Lw
c

Smith AB, Chen C, Lee J, et al. Determination of skeletal age from hand radiographs using deep
learning: A multi-dataset validation. J Bone Joint Surg Am. 2024;106(4):280-288.
Greulich WW, Pyle SI. Radiographic atlas of the bone development of the hand and wrist. 2nd
ed. Stanford University Press; 1959.
Johnson P, Williams A. Limitations of the Greulich and Pyle method in modern pediatric
practice. Pediatr Radiol. 2020;50(8):1101-1108.
Zhang Y, Wang L, Liu X. Bone age estimation by deep learning in X-ray medical images. arXiv
preprint arXiv:1912.06650. 2019.
Spampinato C, et al. Deep learning for automated skeletal bone age assessment in X-ray images.
Med Image Anal. 2017;36:61-70.
Thodberg HH, et al. Computer-aided bone age assessment: Validation study on a large dataset.
J Clin Endocrinol Metab. 2010;95(3):1214-1221.

J‘ébLﬂ.’Lﬂ‘L’JLﬂ/\\ )‘ﬁo{dl{b;d‘?&ﬂ\wbjjTj)KafMd‘)ua}g)@-\jl& C‘ﬁj“ d&o.;.w A%

8.

XYY VAP (oSG wdigo oo dnm s o (il ST (e g5 e S0
Iglovikov V, Shvets A. TernausNet: U-Net with VGG11 encoder pre-trained on ImageNet for
image segmentation. arXiv preprint arXiv:1801.05746. 2018.



\4

10.
11.
12.

I Kl s e 33 OB g 55 5 07558 S35 5200y skl 5 (B shman i sp (i Sy 83 ,SMes Al ¢ e

Kim JR, Kim DH, Jun S. Deep learning-based bone age assessment using hand radiographs.
PL0S ONE. 2020;15(3):0230509.

Spampinato C, et al. Deep learning for automated skeletal bone age assessment in X-ray images.
Med Image Anal. 2017;36:61-70.

Miller DS, Brown T. Age estimation of the cervical vertebrae region using deep learning.
Diagnostics (Basel). 2023;13(1):7.

Lee H, et al. Comparison of deep learning models for bone age estimation based on hand
radiographs. Radiology. 2019;291(2):693-700.

230Ul g 9 O 558 SHsdpsly polai 5 ssimn isp 5 St sla By, 65, Nhes auslis .(\F+0) CL@J\ cs&s:.w o ool 4 sl

NANF WY ofpo g Ko (g0 o punligs (sl iy tolilad . Sl s peass

® S
@ﬁ Journal of Recent Advancements in Material Science and Biomedical Engineering is licensed
under a Creative Commons Attribution-NonCommercial 4.0 International License.



