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Computerized bone age estimation system based on China-05 standard
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Abstract. The purpose of this study is to develop an automatic software system for bone age evaluation and to evaluate its
accuracy in testing and feasibility in clinical practice. 20394 left-hand radiographs of healthy children (2-18 years old) were
collected from China Skeletal Development Survey data of 1998 and China Skeletal Development Survey data of 2005. Three
experienced radiologists and China-05 standard maker jointly evaluate the stages of bone development and the reference bone
age was determined by consensus. 1020 from 20394 radiographs were picked randomly as test set and the remaining 19374
radiographs as training set and validation set. Accuracy of the automatic software system for bone age assessment is evaluated in
test set and two clinical test sets. Compared with the reference standard, the automatic software system based on RUS-CHN for
bone age assessment has a 0.04 years old mean difference, £0.40 years old in 95% confidence interval by single reading, a
85.6% percentage agreement of ratings, a 93.7% bone age accuracy rate, 0.17 years old of MAD, 0.29 years old of RMS;
Compared with the reference standard, the automatic software system based on TW3-C RUS has a 0.04 years old mean
difference, a +0.38 years old in 95% confidence interval by single reading, a 90.9% percentage agreement of ratings, a 93.2%
bone age accuracy rate, a 0.16 years of MAD, and a 0.28 years of RMS. Automatic software system, Al-China-05 showed
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reliably accuracy in bone age estimation and steady determination in different clinical test sets.
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1. Introduction

An artificial intelligence bone age evaluation system for
Chinese children was established based on China-05
Method. Bone age estimation is crucial for development
status evaluation in the pediatric population and is widely
applied in different areas, such as education, medicine, and
pediatric hygiene, so the accuracy of bone age estimation
outstands. G-P-based bone age estimation is performed by
comparing a patient’s left-hand radiograph to radiograph of
standard among G-P atlas. However, the process of
comparing multiple images can be repetitive and is
sometimes subjective since the accuracy mainly depends on
the experience of a radiologist himself or herself.
Interobserver and interobserver variability was shown in
practice. The TW method is to analyze a specific bone piece
by piece, and it tends to be more accurate to evaluate bone
age than GP, and the variability of interobserver and
interobservers is less (Bull et al. 1999, Yildiz et al. 2011).
The GP Atlas and TW3 Bone Age Standard are both based
on samples of pediatric Caucasians. Whether they are
applicable to children of various ethnicities has been a
concern. Previous studies have proved ethnical differences
in the growth and development of children (Roche et al.
1974, 1978, Zhang et al. 2009). Recently, in 2019,
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Alshamrani et al. (2019) proved that GP bone age
evaluation method is inaccurate based on the 35 meta-
analysis of children of different ethnical groups and may
not be the first choice for Asian population including
Chinese pediatric population. The China-05 bone age
standard is based on a large number of samples of
contemporary Chinese pediatric population. It adopts the
TW3 scoring method, and has great reliability with
validation (Shaoyan et al. 2006). In recent years, the
development of deep learning with convolutional neural
networks encourages many artificial intelligence systems
for bone age determination with different algorithms and
models to improve the accuracy of bone age evaluation. In
this paper, dataset distribution and labeling accuracy is the
main focus to improve accuracy of the automatic software
system for bone age determination, considering room for
image classification improvement is limited (Thompson et
al. 2020). This research is to establish an automatic
software system wusing deep learning and artificial
intelligence for bone age evaluation, based on China-05
standard (TW3-C and RUS-CHN). Al-China-05 aims to
provide accurate bone age determination for Chinese
pediatric population (Dai et al. 2021a, Ebrahimi et al. 2021,
Hashemi et al. 2021, Hou et al. 2021, Huang et al. 2021b, c,
Jiao et al. 2021, Liu et al. 20214, d, Ma et al. 2021, Moradi
et al. 2021, Najaafi et al. 2021, Shariati et al. 2021, Wu and
Habibi 2021, Xu et al. 2021, Zhao et al. 2021b, Yu et al.
2022).
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2. Materials and methods
2.1 Patients

20394 images from children who underwent left-hand
radiography were collected, among which 1393 images are
from skeletal development survey of six-tier cities of 1998
and 5994 images are from skeletal development survey of
fifth-tier cities in 2005. All children are healthy population
of Han ethnicity aged from 2 years old to 18 years old. The
remaining 13007 radiographies are from researches on file.
Since surveys of 1988 and 2005 used conventional X-ray
films, a Vidar medical digital scanner (Hemdon, USA) was
used to digitize the film at 150dpi and 12 bits per pixel and
save it in tiff format. All X-ray films in the data set are
removed from the information of gender, date of birth and
filming date (Zhou et al. 2018, Ghazanfari et al. 2020, He et
al. 20204, b, Li et al. 2020a, Wang et al. 2020a, Dong et al.
2021, Liu et al. 2021c, Lv et al. 20214, b, ¢, Wu et al. 2021,
Zhao et al. 2021a, Zheng et al. 2021, Zhong et al. 2021,
Wang et al. 2022, Zhang et al. 2022).

1020 sheets are randomly selected from the data set as
the test set to evaluate the reliability of automatic software
system for bone age determination. Test set is not used in
model training. The remaining 19374 training set is used by
hierarchical K-fold cross-validation method to train and
validate the automatic software system model for bone age
determination (Raschka 2015). Clinical test set composes of
400 radiographs (with patients aged from 4 to18 years old)
from bone age researches on file (Azimi et al. 2016,
Ebrahimi and Shafiei 2016, Ghadiri and Shafiei 20163, b, c,
Ghadiri et al. 20164, b, c, d, Shafiei et al. 20164, b, c, d, e,
f, g), Clinical test set 2 has 1338 radiographs (with patients
aged from 1 to 18 years old) from a clinic of department of
radiology at Anhui Provincial Children’s Hospital from
January to August in 2020. Data for clinical test set is not
used in training set (Moayedi et al. 2020a, b, Oyarhossein et
al. 2020, Shariati et al. 2020a, Zhou et al. 2020a, Dai et al.
2021b, Guo et al. 2021a, b, Huang et al. 2021a, Huo et al.
2021, Liu et al. 2021b, Peng et al. 2021, Shao et al. 2021,
Zhang et al. 20214, b, c, d).

2.2 Bone development stage marking

China-05 with RUS-CHN is a new method based on the
TW3-RUS bone development stage with some more stages
added. Therefore, it can be converted to the TW3-C RUS
bone development stage after removing the added stage
(Ebrahimi and Shafiei 2017, Ebrahimi et al. 2017, Ehyaei et
al. 2017, Ghadiri et al. 2017a, b, c, d, e, Mirjavadi et al.
2017a, b, c, d, Shafiei and Kazemi 2017a, b, Shafiei et al.
2017a, b, c, d, 2019, 2020, Shivanian et al. 2017, Azimi et
al. 2018, Shafiei and She 2018).

A specific software system for data labeling was
developed. 3 experienced radiologists trained by China-05
Bone Age Research Group independently label the bone
development level of each radiograph. If the bone
development stages presented by the 3 reviewers are exactly
the same, the stage is considered correct, for the bone
development stages that are not completely consistent, they

Table 1 Interobserver and interobserver reliability of
estimation using RUS-CHN method

Percentage .
. . Systematic  Random
Radiologist agreement of error (years) error (years)
ratings Y Y

1-4 81.3 0.08a +0.46

2-4 81.8 -0.07 +0.43

3-4 81.3 0.01 +0.56
Interobserver

1-2 81.0 0.14b +0.51

1-3 81.4 0.07 +0.61

2-3 80.1 -0.08 +0.59

1 91.8 0.02 +0.30

2 89.0 0.00 +0.34
Interobserver

3 84.7 0.01 +0.48

4 89.4 -0.03 +0.40

Table 2 Bone age dataset distribution by RUS-CHN

Bone age Training set and validation set Test set
0~ 5 1
1~ 58 3
2~ 228 10
3~ 367 13
4~ 1147 45
5~ 1158 37
6~ 1212 49
7~ 1256 54
8~ 1141 52
9~ 1504 74
10~ 1424 69
11~ 1924 94
12~ 1366 60
13~ 1579 106
14~ 798 49
15~ 1154 85
16~ 1084 67
17~ 591 41
18 1378 111

In total of 19374 1020

will be handed over to the China-05 bone age standard
maker for estimation. Before labeling, the consistency and
concordance of estimations from 3 reviewers were testified.
Each reviewer independently read 61 radiographs (with
children aged from 2 to 18 years old). Same process is
repeated after 30 days. The test results are shown in Table 1.
Reviewer 1 estimates two clinical test sets and mark the
bone development stage of each radiograph (Fazaeli et al.
2016, Ghazanfari et al. 2016, Habibi et al. 2016, 2018,
Hosseini et al. 2018, Alipour et al. 2020, Cheshmeh et al.
2020, Ghabussi et al. 2020, Ghazanfari et al. 2020, Li et al.
20204, b, Liu et al. 2020a, b, Moayedi et al. 2020c, Shariati
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Fig. 1 Data processing flow

et al. 2020b, Shi et al. 2020, Wang et al. 2020b).

Reviewer 1, 2, and 3 are experienced radiologist, and
reviewer 4 is the China-05 Bone Age Standard maker

Paired t-test was used to compare the mean difference of
bone ages among interobserver and interobserver, # P<<0.05,
bP<0.01.

Interobserver percentage agreement of ratings is 80.0%-~
81.8%, system error -0.08~ 0.14 years old, and the random
error is £0.43~ +£0.61 years old. Interobserver percentage
agreement of ratings is 84.7% ~ 91.8%, system error 0.00~
0.02 years old, and the random error is £0.30~ +0.48 years
old.

2.3 Data distribution

Deep learning model is mainly used for epiphyseal
detection and bone development stage evaluation. Since
gender information was removed when collecting the data
set, all radiographs in this study were evaluated as male.
Training set and test set grouped by bone age are shown in
Table 2.

2.4 Training details

The original radiograph has three storage formats:
dicom, png, and tiff. The three original images are all
processed and transferred using open CV software into 8-bit
grayscale images. Radiograph definition is enhanced by
using ACE algorithm and CLAHE algorithm respectively.
Complete data processing flow is shown in Fig. 1.

2.4.1 Epiphyseal detection training
Extract 7750 X-rays from the training set and use the
Labellmg tool to mark the circumscribed rectangles of the

13 RUS epiphyses and the circumscribed rectangles of the
hand contours. Data augmentation is carried out by adding
Gaussian noise, salt and pepper noise, adjusting brightness,
contrast, resolution, random translation and rotation to
increase the diversity of the positioning training set (Fig. 2).

SSD and M2Det network were used in epiphyseal
detection training. First, build an SSD network with mobile
backbone (Fig. 3(a)), which is mainly used to identify the
positioning information of the hand and radius and ulna.
Batch-size is set as 32 and sent to SSD network. Data loss
was calculated through output results with parameters of the
model updated accordingly, and loop iteration was adopted
until the validation set loss no longer drops. The loss
function of the SSD algorithm is divided into two parts:
calculating the confidence loss of the corresponding default
box and the target category, and location loss. The overall
loss is shown in Fig. 3(a).

In the SSD model, a radiograph is rotated by 90 degrees,
180 degrees, and 270 degrees, and sent to the model
together with the original radiograph for identification. The
hand, radius and ulna have the highest confidence as the
forehand position, and according to the relative position of
the radius and ulna, backhand position was turned into the
forehand position and the circumscribed rectangle of the
hand from the original image was cut off.

Hand radiographs cut in the previous step was used to
train the M2Det (Zhao et al. 2019) network (Fig. 3(b)) for
precise positioning. In this process, set M2Det as a single-
channel input, thereby reducing the amount of calculation,
improving the image feature recognition rate and processing
speed, ResNet model was used for backbone to improve the
accuracy of feature extracted. Confidence loss and location
loss were calculated in this loss functions, and the overall
loss changes of the training set and the validation set are
shown in Fig. 4(b).
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Fig. 2 The expansion method and parameters for part of the data in positioning training. (2) Randomly rotate (original
film, 15°, 30°, 45°), (b) Increase salt and pepper noise (original film, 0.001, 0.01, 0.02), (c) Adjust brightness (original

film, 0.2, 0.5, 1.2), (d) Adjust the contrast (original film, 0.1, 0.8, 1.5)
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Fig. 3 Model network structure is used (a) SSD network, (b) M2Det network, (c) Inception-ResNet-V2 network)
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Fig. 4 (a) Total loss during training of SSD model, (b) Total loss during training of M2Det model, (c) Loss changes in
training set and validation set during classification training of radius, (d) Loss changes in training set and validation

set during classification training of ulna

Fig. 5 SSD and M2Det models are used to locate 13 epiphyses

2.4.2 Classification

Inception-ResNet-V2 deep learning network (Szegedy et
al. 2017) is used in classification training. In the last
pooling layer of inception-ResNet-V2, max-pooling is used
to extract more epiphyseal edge features, and convolution
attention mechanism module (CBAM) is used to improve
the classification performance of the model (Woo et al.
2018), and the modified version is shown in Fig. 3(c).

Epiphyseal detection model obtained from training is
used to cut out 13 epiphyses in each radiograph of the
training set and process them into images of equal size,
using random translation (0~75 pixels), rotation (-30°~

30°), cutting, erasing, flipping, and twisting to expand to
135618 radiographs (Fig. 6). Radiographs with bone
development stages inconsistent with the original ones after
the expansion are eliminated. Radiographs were extracted
randomly from the remaining ones for classification
training.

Radius with the most detailed level to learn more bone
maturity characteristics was first trained. One-hot encoding
for the epiphyseal level of all training samples is used.
Center loss was used as the loss function, and hierarchical
K-fold method was used in the training process. The
maximum number of cycles is set to 200, and early stop is
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Original radiograph

Random rotation

Random erasing

Fig. 6 Part of the expansion method in positioning training

used. If the loss in the validation set is less than 0.01 in 6
cycles, training shall be terminated ahead of time. The
hyperparameters of validation set are adjusted for the best
network model, and then the remaining 12 epiphyses are
trained through transfer training. Comparing the loss
changes in training process of the radius and ulna, it can be
found that the training speed is accelerated by transfer
training. The loss during training is shown in Figs. 4(c) and
4(d).

2.5 Experimental environment

Hardware environment: CPU: Intel 7700K, CPU:
Nvidia 1080ti. Software environment: Ubuntu 16.04, tensor
flow 1.5, keras 2.1.3, python3.7, open CV, Labellmg

2.6 Statistical analysis

In order to compare the performance of the automatic
system for bone age evaluation, Al-China-05 with other
research literatures, mean absolute difference (MAD) and
the root mean square (RMS) between Al-China-05 bone age
evaluation system and artificial bone age evaluation to
evaluate the performance of automatic software system for
bone age evaluation (Larson et al. 2018), Percentage of
radiographs with difference between Al-China-05 bone age
and artificial evaluation bone age within +0.5 years
(including 0.5 years) is calculated to evaluate bone age
accuracy (Omidi et al. 2013, Ghadiri et al. 2016d).

Percentage agreement and accuracy rate between Al-
China-05 bone development stage and the artificial
evaluation stage of each bone age in the test set are

Fig. 7 The heatmap for epiphyseal classification training,
similar to the features of artificial method (left is the
original radiograph, and the right is the heatmap)

calculated to evaluate the accuracy of Al-China-05 on
different age stages. Systematic error is mean difference
between AIl-China-05 bone age and artificial evaluation
bone age, and random error is age difference of 95%
confidence interval (Acheson et al. 1966). Statistical
analysis was performed by using SPSS 26.0 software.

Since TW3-C RUS method uses the fusion of the radius
and ulnar epiphyses as the end of bone age evaluation, the
maximum bone age obtained is 16.5 years old for male
cohort and 15 years old for female cohort. Mature age of the
wrist bone by RUS-CHN method is 18 years old for male
cohort and 17 years old for female cohort. Therefore, the
statistical range of the results of RUS-CHN method in this
research is 0~ 18 years old, and the statistical range of
results of TW3-C RUS method is 0~ 16.5 years old.

3. Results

None of the 1,020 radiographs in the test set and 400
radiographs in the clinical test set 1 was rejected, and two of
the 1338 radiographs in the clinical test set 2 were rejected
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Table 3 Percentage agreement and accuracy rate of bone development stage with bone age artificial estimation

stage

RUS-CHN

TW3-C RUS

Bone age (year) n

Percentage agreement Bone age accuracy Percentage agreement

Bone age accuracy rate

of ratings rate of ratings

0~ 14 87.9 100.0 85.5 100.0
3~ 13 91.1 92.3 90.1 100.0
4~ 45 97.3 100.9 95.6 95.1
5~ 37 89.4 91.9 85.6 92.3
6~ 49 83.8 81.6 85.9 775
7~ 54 84.9 94.4 89.3 86.7
8~ 52 86.2 96.2 90.6 95.8
9~ 74 82.5 93.2 89.3 90.8
10~ 69 77.3 95.6 84.6 79.7
11~ 94 78.5 96.8 89.4 93.1
12~ 60 70.6 100.0 82.3 98.2
13~ 106 76.6 100.0 85.4 99.1
14~ 49 81.2 93.9 86.5 96.1
15~ 85 89.6 96.5 87.3 89.2
16~ 67 94.1 80.6 97.6 97.3

17~ 41 96.4 78.0 -- -

18 111 99.4 93.7 - --
average 1020 85.6 93.7 90.9 93.2

Table 4 Discrepancy, MAD
determination

and RMS between bone age determined by Al-China-05 and bone age of artificial

Evaluation index RUS-CHN TW3-C RUS
System error 0.04 0.04
Random error +0.40 +0.38
MAD 0.17 0.16
RMS 0.29 0.28
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Fig. 8 Bland-Altman plots show the difference between Al-China-05 and reference standard bone age (RSBA) (a) test
set with TW3-C RUS, (b) test set with RUS-CHN, (c) cliniacal test set 1 with TW3-C RUS, (d) cliniaca test set 1 with
RUS-CHN, (e) clinical test set 2 with TW3-C RUS, (f) cliniancal test set 2 with RUS-CHN
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Table 5 Test results of Al-China-05 (RUS-CHN and TW3-C RUS) in clinical test set

Evaluation index

Clinical test set 1 (n = 400)

Clinical test set 2 (n = 1338)

RUS-CHN TW3-C RUS RUS-CHN TW3-C RUS
System error 0.07 0.09 -0.03 -0.03
Random error +0.50 +0.57 +0.36 +0.38
MAD 0.25 0.28 0.14 0.15
RMS 0.36 0.41 0.26 0.27
Percentage agreement of ratings 74.4 82.5 87.2 91.9
Bone age accuracy rate (percentage) 89.3 85.3 96.4 95.7
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Fig. 9(2) Percentage agreement in stages between Al-China-05 (horizaontal) and reference stage (vertical) for each of
the thirteen bones in the cliniacal test set 1. (TW3-C RUS and RUS-CHN)

(0.15%). 13 epiphyseal classification training heatmap is as
shown in Fig. 7.

It can be seen from Table 3 that the percentage
agreement of bone development level between results of Al-
China-05 RUS-CHN method and artificial evaluation stage
in the test set of different bone age intervals is 70.6%-
99.4% (average 85.6%), and the bone age accuracy rate is
78%~ 100% (average 93.7%), Al-China-05 and TW3-C
RUS methods are 82.3%~97.6% (average 90.9%) and
77.5%~100% (average 93.2%). System error and random
error between Al-China-05 ‘s RUS-CHN method and TW3-

C RUS method shows perfect agreement with validation
test results of radiologists. Bone ages determinations of
RUS-CHN and TW3-C RUS are consistent with artificial
estimation of bone age that shows in MAD (0.17 and 0.16
years) and RMA (0.29 and 0.28 years). (Table 4).

Fig. 8 shows the difference between Al-China-05
between reference standard bone age (RSBA) on test set
and clinical sets, which is distributed around 0, and most of
them are within £0.5 years old (bule line). The percentage
agreement of bone development stages between Al-China -
05 and reference stage is displayed by confusion matrix in
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Fig. 9(3) Percentage agreement in stages between Al-China-05 (horizaontal) and reference stage (vertical) for each of
the thirteen bones in the cliniacal test set 2, (TW3-C RUS and RUS-CHN), (a) Radius (b) Ulna (c) first metacarpal (d)
third metacarpals (e) fifth metacarpals (f) proximal phalanx of the first finger (g) proximal phalanges of the third
inger (h) proximal phalanges of the fifth finger (i) midddle phalanges of the third fingers (j) midddle phalanges of the
fifth fingers (k) distal phlanx of the first finger (I) distal phlanx of the third finger (m) distal phlanx of the fifth finger

Figs. 9(1)-9(3). Test index of two separate clinical test sets
shows a lower concordance rate in Al-China-05 of clinical
test set 1 with reference age and a slightly higher
concordance rate with reference age.

4. Conclusions

Two major left-hand wrist radiograph-based methods
are currently used for bone age estimation: the Greulich-
Pyle (GP) and Tanner-Whitehouse (TW) methods. There are

two factors that affect the estimation the most. The first
factor is the reliability of evaluation method of bone age
marking. Research shows that GP method tends to be
subjective compared with a complete radiograph. For
example, the study of Bull et al. (1999) found that in
clinical practice, the average bone age difference of
repeated evaluations of GP atlas was 0.14+1.16 years (range
from 2.46 to 2.18 years), while the average bone age
difference using TW method was 0.01+0.71 years old
(range from 2.46 to 2.18 years old). The second one is the
reliability or professionalism of the reviewer that labeling
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Table 6 Comparison of MAD, RMS and other automatic system for bone age determination in testset

Author Marking method ~ MAD (year) RMS (year)
AL-China-05 RC method China-05 0.17 0.29
AL-China-05 TW3-C RUC method China-05 0.16 0.28
BoneXpert (Zhang et al. 2013) GP, TW3 -- Male cohort 0.64, Female cohort 0.68
o oy ™™ e 0m0m(Tao :
Zhou et al. (2020b) TW3 -- 0.50
Son et al. (2019) TW3 0.46 0.62

MAD mean absolute difference, RMS, root mean square difference, GP, Greulich-Pyle atlas, TW3,Tanner-Whitehouse 3

the radiographs.

In recent years, due to the rapid development of
artificial intelligence (Al), especially deep learning
technology has promoted automatic evaluation of bone age
that has gradually been applied in practice. Automatic bone
age estimation system is based on machine learning with
artificial bone age evaluation as training dataset. Therefore,
radiograph marking in training set is the key to realize
efficiency of automatic estimation.

Research in Stanford University takes the mean value of
three reviewers’ estimations as the reference bone age
(Ground Truth) (Larson et al. 2018), which narrows
estimation discrepancy between different reviewers. Son et
al. (2019) uses TW3-RUS method for bone age evaluation
with bone age of consensus between two reviewers as
reference bone age development stage. Some researches
take mean value of bone development stage from four
reviewers as reference value. There are also studies using
the average of the bone development stages of 4 reviewers
as the reference standard (SONG et al. 2019). Bone age at
certain age groups that are classified by obvious changes
should be carefully handled and may not be suitable for
continuous variable calculation. Zhou et al. (2020b) also
uses TW3 method for automatic software system for bone
age estimation. In his study, 5 from more than 100
radiologists and endocrinologists were selected. Estimation
that at least 3 reviewers agreed on is used as reference bone
age for each bone. However, none of these studies
conducted reliability tests on reviewers that mark
radiographs.

The research of Shaoyan et al. (2006) showed that long-
term experience in bone age evaluation and participation in
training help to improve the consistency of bone age
evaluation. Therefore, in order to control the quality of the
labeling, reliability of the three radiologists were tested
before labeling (Table 1), and the test results reached or
exceeded the upper limit of the reliability of the TW method
international wide (international TW method reliability test
shows interobserver with interobserver percentage
agreement of ratings were 82.7%, ~91.4% and 74.4%-~
80.5%, random errors are +0.42 years old~ +0.50 years old
and +0.58 years old~ +0.76 years old (Medicus et al. 1971,
Beunen and Cameron 1980, Wenzel and Melsen 1982, Bull
et al. 1999). In addition, determination of consensus among
three radiologists were used for marking, and when results
inconsistent, maker of China 05 Bone Age Standard makes
the final decision.

In addition, a large sample size (samples from the
Chinese Children’s Bone Development Research Survey
(CHN in 1988 and the China-05 Bone Development Survey
in 2005)) are included to ensure accurate reference bone age
for learning set dataset. These samples are taken from
healthy population by stratified cluster sampling method

and have a relatively uniform sample distribution across
a wide range of ages. Furthermore, the wrist radiograph
shooting method is more standardized, which enables model
to better learn and evaluate classification characteristics of
bone development.

In 2019, Son et al. (2019) applied the deep learning of
VGGNet to study the automatic software system for bone
by TW3 method. This method extracts key epiphyses by
locating the region of interest (ROI), but this method is
subject to background interference, resulting in a reading
rejection rate of 1.6%. In contrast, our system was
developed according to the convolutional neural network of
SSD and M2Det to position and cut key epiphyses. This
method is robust to radiographs with different hand
postures. Final model doesn’t show failure of epiphyseal
positioning.

In 2020, Zhou et al. (2020b) used ResNet deep learning
for automatic software system for bone age estimation.
Inception-ResNet-VV2 model with 164 layers and 54.3M
parameters is used in this study. This model has wider and
deeper structural features than the ResNet model, so that it
can better learn bone maturity characteristics with more
complex expressions. Radiographs that are inconsistent
with the original bone development level are eliminated to
guarantee that proper bone development maturity
characteristics shall be used for model to learn, thereby
improving the classification accuracy.

Therefore, the Al-China-05 bone age performance is
improved by controlling the quality of marking, appropriate
data set samples, and improving the deep learning model.
Compared with other automatic system for bone age
estimation, MAD and RMS are both improved.

This study had several limitations. First, each epiphysis
uses an independent classification model, which takes up
more hardware resources. In addition, the model in this
paper has not yet been able to identify certain normal
physiological variations in the bone development of the
wrist, such as Brachydactyly type A3 (BDA3), which
occurs in different populations between 3.4% and 21.0%.
The incidence is higher in Asian population (Guo et al.
2012). Recognition of phalanx deformities by the deep
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learning model will improve the accuracy of automatic
software system for bone age estimation, which will be the
focus of further study.
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