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Abstract

Purpose To develop a deep learning bone age assessment model based on pelvic radiographs for forensic age estimation and
compare its performance to that of the existing cubic regression model.

Materials and method A retrospective collection data of 1875 clinical pelvic radiographs between 10 and 25 years of age was
obtained to develop the model. Model performance was assessed by comparing the testing results to estimated ages calculated
directly using the existing cubic regression model based on ossification staging methods. The mean absolute error (MAE) and
root-mean-squared error (RMSE) between the estimated ages and chronological age were calculated for both models.

Results For all test samples (between 10 and 25 years old), the mean MAE and RMSE between the automatic estimates using the
proposed deep learning model and the reference standard were 0.94 and 1.30 years, respectively. For the test samples comparable
to those of the existing cubic regression model (between 14 and 22 years old), the mean MAE and RMSE for the deep learning
model were 0.89 and 1.21 years, respectively. For the existing cubic regression model, the mean MAE and RMSE were 1.05 and
1.61 years, respectively.

Conclusion The deep learning convolutional neural network model achieves performance on par with the existing cubic regres-
sion model, demonstrating predictive ability capable of automated skeletal bone assessment based on pelvic radiographic images.
Key Points

o The pelvis has considerable value in determining the bone age.

* Deep learning can be used to create an automated bone age assessment model based on pelvic radiographs.

* The deep learning convolutional neural network model achieves performance on par with the existing cubic regression model.
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to the former, the latter typically focuses on the age assessment of
adolescents and young adults, who do not have formal age doc-
umentation to determine their legal status. In most countries, the
14th, 16th, and 18th years of life are relevant age thresholds for
legal assessment. Age can be estimated very accurately during
childhood, generally performed via radiological examination of
the left hand using either the Greulich and Pyle method or
Tanner—Whitehouse method [1]. However, with increasing age,
age estimation becomes increasingly difficult. The pelvis has
also been proven to have considerable value in determining skel-
etal age of the older adolescent due to its relatively late comple-
tion of maturation; most existing research efforts focused on
radiological examination of the Risser sign and iliac crest ossifi-
cation process [2—8].

Deep learning has dramatically improved the state-of-the-
art techniques in image classification, object detection, and
many other domains, such as drug discovery and genomics
[9]. Deep learning methods have also been successfully intro-
duced into the clinical field in various applications, including
classification of skin cancer [10], detection of diabetic retinop-
athy in retinal fundus photographs [11, 12], and evaluation of
lung nodules on chest computed tomography scans [13].

Automated assessment of radiographs for determining
skeletal maturity or bone age is a logical application and ideal
target for deep learning. The age estimation procedure of com-
paring one or several radiographic images to a reference stan-
dard has been used for several decades. It results in a single
quantitative output of an estimated bone age [14—16]. Deep
learning approaches for assessing bone age automatically
have already been proven to be extremely successful in clin-
ical practice, achieving accuracy similar to that of human
practitioners [17-22].

However, existing methods all refer to the skeletal bone age
assessment procedure used in paediatric radiology for diag-
nostic or therapeutic investigations of endocrinology prob-
lems. Their study datasets exclusively consider individuals
under 18 years of age, which limits their applicability to fo-
rensic purposes, particularly for estimation of the 18-year age
threshold. To date, no deep learning model has been designed
for forensic age estimation purposes. For this reason, we pro-
pose a deep learning system to automatically performe age
estimation by using a fine-tuned convolutional neural net-
work. (CNN) on a dataset of 1408 pelvis X-ray radiographs
from individuals between 10 and 25 years of age.

Materials and method
Data acquisition
A dataset composed of 1875 conventional pelvic anteroposterior

radiography images from the West China Hospital of Sichuan
University between January 2010 and March 2017 was collected

to develop our deep learning model (Table 1). All participants
came from the West China Han group and individuals showing
evident deformity or disease in the pelvic region were intention-
ally excluded from our research. Date of birth and date of exam-
ination were extracted automatically from the radiological im-
ages using a Python script (Python Software Foundation). The
difference between these two dates was used as the ground truth
for training our model because these individuals represent a
healthy population.

The subjects were all between 10 and 25 years of
age. The age range of the dataset was chosen accord-
ing to previous scientific studies, which reported that
the iliac crest ossification process does not begin be-
fore age 12 and is completed by a maximum age of
24 [3, 22-25]. The population suitable for reliable
examination included 1072 females (57.2%) and 803
males (42.8%).

We split the dataset into 1498 training and validation
images and 377 test images. Regarding the training data,
groups from 15 to 25 years, 1003 images, are a portion of
Zhang et al’s study data to establish the cubic regression
model for bone age estimation [5]. Images with significant
superposition of abdominal organs over the iliac crest were
removed from the training set, but still used for testing.

This study was performed with the approval of the ethics
committee of the West China Hospital of Sichuan University.
Informed consent was waived.

Table 1 Distribution of sample images by gender, age, and dataset
Age group (year) Male Female Total
Train Test Train Test

10.00-10.99 65 14 59 10 148
11.00-11.99 40 8 42 9 99
12.00-12.99 55 13 46 11 125
13.00-13.99 48 13 44 11 116
14.00-14.99 55 18 41 11 125
15.00-15.99 62 17 28 11 118
16.00-16.99 68 14 39 11 132
17.00-17.99 52 14 30 11 107
18.00-18.99 53 11 22 10 96
19.00-19.99 45 11 27 7 90
20.00-20.99 57 11 36 10 114
21.00-21.99 39 11 44 10 104
22.00-22.99 61 14 37 11 123
23.00-23.99 45 12 41 12 110
24.00-24.99 65 14 51 12 142
25.00-25.99 54 13 47 12 126
Total 864 208 634 169 1875
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Training details

Inspired by the concept of transfer learning, a modified
AlexNet pre-trained using the ImageNet dataset was adopted
in this study to alleviate the requirement for an extremely large
dataset [26]. The original convolutional layers were main-
tained for feature extraction. The regression portion, which
was composed of several fully connected layers in the original
AlexNet, was replaced by three new fully connected layers
with 2048, 1024, and 1 neurons. The first two fully connected
layers are followed by ReL.U layers and the final layer outputs
the prediction results.

All pelvic radiographs were cropped centrally and resized
to 227 x 227 pixels in order to make them compatible with the
original dimensions of the AlexNet. Data augmentation was
performed by rotating the training images by 0°, 90°, 180°,
and 270° to enhance the performance of the model.

During the training procedure, the parameters of the
convolutional layers were fixed to avoid overfitting and only
the parameters of the fully connected layers were fine-tuned
using our training set [27, 28]. A mean squared error loss
function was adopted and training was performed utilising
the Adam method. The learning rate was initialised to 10—4
and gradually decreased to 10-6. The batch size was set to
256. The proposed network was implemented using Caffe and
all experiments were performed on a PC equipped with a
graphical processing unit (AMD X4 870K CPU, 16 GB
RAM, and GeForce GTX 1080 Ti).

We released our CNN model as an open source, it is avail-
able at: https://github.com/Hzzone/Bone-Age-Assessment.

Evaluation and statistical analysis

Two datasets were used as test sets to evaluate the performance of
our model relative to the ground truth chronological age and
existing cubic regression model proposed by Zhang et al [5].

The first test set, which contains 377 pelvis radiographs,
was utilised to evaluate the performance of our model relative
to the ground truth chronological age.

The second test set, which contains 133 pelvis radiographs
and is a subset of the first set, was utilised to evaluate the
performance of our model relative to that of the existing cubic
regression model for age estimation. This set also is a portion
of Zhang et al’s study data. Each image in the second dataset
was labelled with (1) the sum of evaluated scores of the de-
velopmental status of ossification for the iliac crest and ischial
tuberosity according to the Kreitner and Kellinghaus ossifica-
tion staging methods (KK-SM), (2) bone age calculated by the
cubic regression model, and (3) its chronological age.
Regarding the cubic regression model, the equation for a male
is age = 14.408 + 0.475X — 0.064X> + 0.005X°. The equation
for a female is age = 18.196 — 1.637.X + 0.204X* — 0.005.X°.
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Pearson correlation analysis and a Bland—Altman plot were
used to assess the accuracies of the estimated bone ages from
the proposed CNN model. We compare the mean absolute
error (MAE) between the model estimates (CNN model and
existing cubic regression model) and reference standard bone
ages. Root-mean-squared error (RMSE) was also calculated
as the square root of the sum of squares of paired differences.
Receiver operating characteristic (ROC) analysis was per-
formed to measure model ability to estimate of 14-, 16-, 18-,
20-, and 22-year age thresholds using the CNN.

For both methods, the differences between males and fe-
males were analysed using the Mann—Whitney U test with
significance implied for values of p < 0.05. Statistical signifi-
cance was determined by using paired ¢ tests for comparing
means (i.e. mean and MAE) and F tests for comparing vari-
ances (i.c. RMSE).

The Statistical Package for the Social Sciences (SPSS) version
22.0 (SPSS Inc.) was used for performing statistical analysis.

Results

Table 1 summarises the general data distributions, which are
grouped by gender, age, and dataset (training set and test set),
for CNN model training.

When evaluating CNN model performance on the first test
set, when comparing the estimated bone age produced by the
CNN model directly to the real chronological ages, the mean
MAE and RMSE were 0.94 years and 1.30 years, respectively.
The differences between the sexes were not statistically sig-
nificant (p =0.873). The minimum MAE and RMSE values
were achieved for the age group of 11 years, followed by the
age group of 17 years (Table 2). The maximum MAE and
RMSE values occurred for the age group of 25 years, followed
by the age groups of 24 years and 23 years (Table 2).

The estimated bone ages from our CNN model are signif-
icantly correlated to the real chronological ages (R* = 0.9288,
Fig. 1). Statistical analyses indicated no differences between
the sexes (p=0.57). A Bland—Altman plot of the agreement
between estimated bone ages and reference bone ages re-
vealed a mean difference of 0.1 years (95% limit of agree-
ment, =2.60, Fig. 1).

Table 3 and Fig. 2 present a comparison of the CNN model
estimates and existing cubic regression model estimates,
which utilised the second test set. When comparing the results
of the CNN model to the ground truth ages, the mean MAE
and RMSE were 0.91 years and 1.23 years, respectively.
When we compared the cubic regression model results to the
ground truth ages, the mean MAE and RMSE were 1.05 years
and 1.61 years, respectively. The CNN model’s MAE was
slightly lower when compared with the cubic regression mod-
el, but not for the RMAE and the mean (MAE, p =0.001;
RMSE, p =0.077; mean, p = 0.482).
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Table 2 Comparison of MAE

and RMSE values between Age group (year) Male Female Total EBA-CNN

estimated bone ages from the

proposed CNN model and the real MAE RMSE MAE RMSE MAE RMSE Mean + SD

chronological ages for the first

test set 10.00-10.99 1.22 1.43 0.11 0.15 0.76 1.10 10.88 = 1.03
11.00-11.99 0.43 0.53 0.53 0.64 0.49 0.59 11.49 + 0.59
12.00-12.99 0.96 1.31 0.76 1.12 0.87 1.23 12.19 £ 1.27
13.00-13.99 0.74 1.06 1.32 1.76 0.96 1.40 1345+ 1.52
14.00-14.99 0.54 0.97 0.93 1.57 0.54 0.90 14.58 + 0.84
15.00-15.99 0.55 1.02 0.68 0.92 0.61 0.97 15.77 £ 091
16.00-16.99 0.75 1.06 1.04 1.36 0.89 1.20 16.82 + 1.23
17.00-17.99 0.38 0.59 0.82 1.07 0.59 0.83 17.54 + 0.81
18.00-18.99 0.69 0.90 0.79 1.10 0.74 1.00 18.67 = 1.03
19.00-19.99 0.69 0.94 0.68 0.82 0.68 0.88 19.07 £ 0.96
20.00-20.99 0.74 1.04 1.16 1.48 0.86 1.24 20.34 + 1.27
21.00-21.99 1.26 1.45 0.81 1.00 1.05 1.26 21.19 £ 1.29
22.00-22.99 1.34 1.62 1.09 1.61 1.10 1.41 21.94 +1.32
23.00-23.99 1.19 1.56 1.27 1.46 1.23 1.51 22.87 +1.49
24.00-24.99 2.11 1.95 2.71 247 1.86 2.17 23.05 + 1.78
25.00-25.99 2.18 221 228 221 1.67 2.01 24.01 + 1.54
Total 1.05 1.23 1.08 1.30 0.94 1.30 17.76 £ 4.28

MAE mean absolute error, RMSE root-mean-squared error, EBA-CNN estimated bone ages from the proposed

CNN model

Table 4 lists that the area under the ROC curve values for the
CNN model when estimating age thresholds of 14, 16, 18, and
20 years, where all values are greater than 0.91. These results
indicate strong prediction performance by the CNN model.

Discussion

The iliac crest apophysis provides an excellent subject for the
application of forensic age diagnostics to the living, particu-
larly for determining age thresholds of 14, 16, and 18 years
[5]. Recently, the advent and proliferation of CNN using X-
ray hand radiological images have facilitated new applications
to the evaluation of bone age [17-21]. For this reason, we
developed a CNN model for forensic age estimation based
on X-ray pelvis radiological images, particularly for individ-
uals over 18 years old.
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We developed a CNN model for the estimation of bone age
based on comparisons with real chronological ages and
achieved performance comparable to that of the existing cubic
regression model based on a grading system of the develop-
mental status of ossification of the iliac crest and ischial tuber-
osity in pelvis radiography [5]. Our model was developed
based on a training set of 1498 clinical pelvis radiographs.
By employing a transfer learning algorithm, our method
achieved competitive performance for pelvis radiograph anal-
ysis without the need for a highly specialised deep learning
machine or database with millions of example images.

To validate the CNN model, real chronological ages were
used as a reference standard for true bone ages. We achieved
an aggregate test set MAE and RMSE of 0.94 and 1.30, re-
spectively (Table 3). Estimated bone ages were significantly
correlated with the reference ages (r=0.916; p <0.05).
Additionally, in a head-to-head comparison with the existing
regression model for predicting bone age, the performance of
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Fig. 1 The modified AlexNet consists of five convolutional layers and three new fully connected layers. The convolutional layers are frozen and only the

parameters of the fully connected layers were fine-tuned
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Table 3 Comparison of MAE

and RMSE values between the Age group (year) CNN model Cubic regression model

proposed CNN model and

existing regression model for the Mean + SD MAE RMSE Mean + SD MAE RMSE

second test set
14.00-14.99 15.06 £ 1.26 0.9 1.39 1548 £ 0.57 0.99 1.16
15.00-15.99 15.74 £ 0.97 0.83 1.18 1522 £0.37 0.38 0.45
16.00-16.99 16.88 + 1.51 1.11 1.33 1631 + 1.14 0.72 0.81
17.00-17.99 17.78 £ 0.94 0.84 1.09 17.66 £ 1.94 1.60 1.75
18.00-18.99 18.74 £ 1.10 0.86 1.09 19.27 £ 1.58 1.56 1.73
19.00-19.99 19.02 + 0.98 0.68 0.92 19.82 + 1.68 1.43 1.66
20.00-20.99 20.49 £ 1.10 0.86 1.16 20.74 +£2.42 2.02 2.32
21.00-21.99 21.19 £ 1.29 1.05 1.26 20.82 + 1.68 1.42 1.71
22.00-22.99 21.90 £+ 1.35 1.15 1.45 2232 + 141 1.14 1.45
Total 19.42 £2.79 0.89 1.21 19.29 +2.42 1.39 1.62

MAE mean absolute error, RMSE root-mean-squared error

the proposed model was better than that of the existing regres-
sion model. Therefore, we can conclude that our deep
learning-based model performs at a level similar to that of
the existing regression model.

30-
254
P
T O
24 201 %
33
15{ 0 5
10— T T T T T T T T
14 15 16 17 18 19 20 21 22
Chronological Age
30+
254

Age(years)
EBA-CNN
N
e

ﬁ$é$@%%%é%

104— T T T T T T T T

Chronological Age

Fig. 2 Correlation between real chronological age and estimated bone
age from our CNN model (top). Bland—Altman plot of real
chronological age and estimated bone age from our CNN model (bottom)
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Our results (MAE =0.94 and RMSE = 1.30 for the first test
set, and MAE = 0.89 and RMSE = 1.21 for the second test set)
are slightly higher than those produced by deep learning
methods for bone age estimation using left-hand X-ray images.
In previous validation studies on deep learning architectures
based on left-hand X-ray images, the MAE values between
automatic age estimates by deep learning architectures and ref-
erence bone ages ranged from 0.54 to 0.80 years [17, 18, 20,
21]. Additionally, our statistical analyses indicated a high pos-
itive correlation between our estimates and real ages (»=0.916;
p<0.05), but this value is still less significant than those report-
ed by deep learning studies on hand X-rays (r=0.992;
p<0.001) [18]. These results are not surprising because our
subjects were older than those providing hand samples in pre-
vious studies. Humans and deep learning methods both produce
more accurate results for age estimation during childhood when
using hand X-ray radiographic images containing meaningful
features that are strongly related to age changes.

Researchers have attempted to use regression models ob-
tained from pelvic skeletons to validate pelvis maturation
grading systems. In Cameriere’s approach [29], the area of
the ossification centre of the iliac crest (ICA) and area of the
iliac wing (IW) were measured to derive a linear regression
equation for the ICA/IW ratio, which facilitates the estimation
of age. However, the ICA/IW ratio showed only moderate
correlation with real chronological ages (R*<0.4). In 2018,
this moderate correlation was proved again by Viola Bartolini
et al [2]. Their study revealed a Pearson’s correlation coeffi-
cient of 0.52 between the ICA/IW ratio and chronological age.

In a comprehensive study by Zhang et al in 2016 [5], the
cubic regression formula for estimating bone age was devel-
oped. According to an individual’s developmental status, the
ossification of the iliac crest and ischial tuberosity was scored
by utilising the KK-MS classification scheme. This formula
resulted in a higher R* value compared to previous methods
(R*=0.744 for females and R* = 0.753 for males). To date, this
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Table 4  Area under the ROC curve for determining age thresholds of 30
14, 16, 18, 20, and 22 years
Sensitivity (CI) Specificity ( CI) AUC (CI)
M-14  98.63 (95.1-99.8) 91.67 (80.0-97.7)  0.951 (0.911-0.977)
F-14  98.41(94.4-99.8) 87.80(73.8-95.9) 0.931 (0.881-0.964) «
M-16 9833 (94.1-99.8)  91.89 (83.2-97.0)  0.951 (0.911-0.977) i
F-16  97.12 (91.8-99.4) 90.48 (80.4-96.4)  0.938 (0.890-0.969)
M-18  95.83 (89.7-98.9) 96.94 (91.3-99.4)  0.964 (0.927-0.985)
F-18  97.56 (91.5-99.7)  88.24 (79.4-94.2)  0.929 (0.879-0.963)
M-20 92.00 (83.4-97.0) 97.48 (92.8-99.5) 0.947 (0.906-0.974)
F20  86.36(75.7-93.6) 97.03 (91.6-99.4)  0.917 (0.864-0.954)
M-22  62.26 (47.9-75.2)  97.16 (92.9-99.2)  0.797 (0.734-0.851) °b P + - =
F-22 5778 (42.2-72.3)  98.36 (94.2-99.8)  0.781 (0.710-0.841) CA
ROC receiver operating characteristic, AUC area under ROC curve 4 oo o
- X 8o, +1.96 SD

. . . . 2 T e o °"o ch ‘%?Ogoé 27

study achieved the best performance in terms of direct estima- °

tion of age, although its results are not as accurate as those
reported by studies on dental mineralisation [29-31], carpus
ossification, and epiphysis of the ulna and radius [32, 33].

However, our proposed CNN model outperforms the cubic
regression model on average (MAE =0.89, RMSE =1.21 and
MAE =1.39, RMSE = 1.62, respectively) (Fig. 3). These
values were achieved after removal of images outside the
age range of 14-22 years to make the analysis comparable
to previous studies. These ages were discarded in previous
studies because there is little change in the mean score of
ossification among individuals aged 23 to 25 years using the
KK-MS grading system.

We also noted that the age groups of 23, 24, and 25 years
presented the maximum MAE and RMSE values in the CNN
model, which leads to slightly higher MAE and RMSE values
for the first test set compared to the second test set (MAE =
0.94, RMSE =1.30 and MAE =0.89, RMSE = 1.21, respec-
tively). However, this change in MAE and RMSE values be-
tween the two test sets is negligible, which further validates
the reliability of our model.

We demonstrated the effectiveness of a pre-trained
ImageNet fine-tuned CNN by using a process known as trans-
fer learning to perform age estimation based on pelvis radiog-
raphy images. The transfer learning technique significantly
speeds up training and helps prevent overfitting, particularly
when examining domains with limited data. Although medi-
cal images are considerably different from natural images,
transfer learning can be utilised by applying using generic
filter banks trained on large datasets and adjusting their pa-
rameters to render high-level features for specific medical ap-
plications. Recent works [34, 35] have demonstrated the ef-
fectiveness of transfer learning from general pictures to age
estimation by fine-tuning several (or all) network layers using
hand X-ray radiographic images [17, 19, 20]. Additionally,
Spampinato et al [20] and Mutasa et al [21] designed and

°]
< o,
] o 2 o © &° %
< T 0. %0 02 . 8 % . 988D
5 | 25
%0 o
4
o
6 - o
-8_| 1 1 1 1 1
5 10 15 20 25 30

Mean of CA and EBA

Fig. 3 Box plot for EBA-CR and EBA-CNN compared to the ground
truth (EBA-CR represents the bone age calculated by the cubic regression
model, CA represents the real chronological age, and EBA-CNN repre-
sents the bone age estimated by the CNN model). The CNN outperforms
the cubic regression model on average

trained customised neural network algorithms from scratch
and carefully calibrated them for the evaluation of bone age.
The purpose-built neural networks designed by Spampinato
et al provided improved performance compared to networks
derived from pre-trained imaging datasets. Furthermore,
Mutasa et al achieved the best published performance by
utilising deep learning for bone age assessment (MAE =
0.54). Therefore, they concluded that a small, customised ar-
chitecture incorporating advanced CNN strategies can indeed
be trained from scratch to realise significant improvements in
algorithm accuracy. These promising results inspired further
study on custom CNN designed and trained from scratch to
improve their effectiveness at assessing bone age.

Our study faced several limitations. First, our cases were
limited to patients of a single ethnicity, but previous studies
have reported the differences in growth patterns at certain ages
among different populations [36]. Second, although our test
data included samples with large areas of superposition of
abdominal organs over the iliac crest, we attempted to
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standardise our samples by excluding all images with evident
artefacts, diseases, or major projection errors. Third, our mod-
el may be not effective in predicting the bone age of individ-
uals with clinical indications or in low socio-economic status.
Finally, as with most other current CNN for medical imaging,
our algorithm was trained to evaluate a single diagnosis and
cannot provide information regarding ancillary findings.

Conclusion

We developed a deep learning system using transfer learning
techniques to perform automatic bone age estimation. It can ef-
fectively handle all possible cases of automated skeletal bone age
assessment, even for samples from individuals aged 19, 20, and
21 years. However, it may not see practical application in deter-
mining ages over 22 years. Compared to the existing cubic re-
gression model, our CNN model achieves better average perfor-
mance but is less accurate than deep learning architectures based
on hand X-ray radiographic images.
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