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Background: Osteoporosis is a common bone disease characterized by low bone mineral density (BMD).
Low BMD screening and early interventions during childhood can significantly decrease osteoporosis risk
in adulthood. However, in clinical settings, the applicability of dual-energy X-ray absorptiometry (DXA),
a technique to measure standard area BMD (aBMD), cannot adequately meet the diagnostic needs of the
majority of the Chinese population. We aimed to achieve a comprehensive evaluation in clinical settings by
taking a single X-ray image, which, in conjunction with the use of equivalent step phantoms, can assess bone
age or injuries (such as sprains, fractures, or breaks) in the wrist while also measuring aBMD in the forearm,
to further evaluate growth and development.

Methods: In the present study, we used routine X-ray images of the hand and forearm to measure aBMD
with step phantom. First, based on the X-ray images, the regions of interest (ROIs) and step phantom used
in clinical settings were automatically located and segmented; then, their average grayscale values were
calculated. Second, after fitting the linear calibration relationship between the equivalent phantom thickness
and grayscale value of the phantom, the effect of soft tissue on aBMD measurement was eliminated using a
deep learning method. Finally, aBMD was measured.

Results: Our developed method was validated on 500 X-ray images taken at the clinic and compared with
DXA-based aBMD measurements. Experiments revealed that the average correlation coefficient was 0.836.
Conclusions: The proposed method is an automatic method for measuring aBMD in children by utilizing
X-ray images of hand and forearm. Furthermore, our findings suggest the effectiveness of the developed

method, which provides a comparable performance to that of clinicians.
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Introduction

Low bone mineral density (BMD) during childhood can
result in various negative outcomes, including osteoporosis,
and an increased risk of cervical and lumbar hyperplasia.
These outcomes may subsequently result in the impaired
growth and development of children. The skeletal health
status throughout life is affected by skeletal development
during childhood and adolescence (1). Therefore, accurately
evaluating a child’s bone density is crucial for assessing
normal growth and development, identifying deviations,
detecting bone mass deficiencies due to insufficient activity
and nutrition, as well as recognizing secondary osteoporosis
caused by underlying diseases and medications. In this
context, it is also of paramount importance to assess and
monitor BMD in children for early identification and
intervention of potential skeletal health issues.

Area BMD (aBMD) and volumetric BMD (vBMD) can
be used to characterize BMD. In pediatric bone density
assessment, choosing aBMD over vBMD is primarily
related to the practicality and relevance of the measurement
techniques for growing bones. aBMD, measured via dual-
energy X-ray absorptiometry (DXA) (2), is more suitable
for children due to its two-dimensional assessment, which
is effective for accessing bones that are still developing
and changing in size and shape. This method aligns with
the characteristics of rapid and uneven growth patterns of
childhood. On the other hand, vBMD, typically measured
through more complex and less accessible modalities like
quantitative computed tomography (QCT) (3), which are
more suitable for accessing stable, fully developed adult
bones, can provide three-dimensional insights (4). In
children, whose bones are rapidly growing and remodeling,
aBMD provides accurate and reliable data for clinical
assessment, making it an important parameter for both
clinical practice and research (5). Therefore, in the present
study, we selected aBMD as the evaluation metric.

At present, DXA (6,7), QCT (8), and X-ray imaging
(9,10) are the most commonly used methods to measure
aBMD in clinical settings. However, multiple factors should
be considered when applying these imaging techniques
in clinical settings, including cost, radiation dose, and
accuracy. DXA measures the density of different structures
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by determining the energy difference after the penetration
of X-rays in the bones and soft tissues. The Pediatric Task
Force of the International Society for Clinical Densitometry
(ISCD) recommends DXA for measuring aBMD in the
posterior-anterior lumbar spine and total body less head
(TBLH) areas in most pediatric patients as an important
component of comprehensive bone health assessment in
pediatric and adolescent patients with conditions known or
suspected to increase skeletal fragility (11). However, access
to the DXA examinations varies geographically and is often
insufficient. In China, it cannot adequately meet the diagnostic
needs of the majority of the Chinese population (12).
In addition, the population coverage and radiation dose
of QCT-based screening strategies are barriers to their
use in clinical settings (13). QCT is generally used as an
opportunistic screening for adults in the routine physical
examination population, yet opportunistic scanning for
children is relatively rare. Moreover, the radiation dose
of QCT is relatively large, which may limit its clinical
application in long-term BMD measurement in children.

Previous studies (9,10) have revealed the potential of
using hand X-ray images for measuring aBMD. First, the
ISCD also noted that other skeletal sites may be useful
depending on the clinical need. The forearm, as the
alternative site, may be used for DXA measurements under
circumstances when other standard sites cannot be measured
safely, accurately, or without artifact interference (11). In
particular, studies have demonstrated that forearm aBMD
measurements can effectively predict major osteoporotic
fractures (14) and the risk of wrist and forearm fractures (15).
More importantly, the single image taken with the forearm
and the equivalent step phantom can be used to assess bone
age or injuries (such as sprains, fractures, or breaks) in the
wrist while also measuring aBMD in the forearm, thereby
decreasing time, costs, and radiation risk, with particular
benefits for children.

Inspired by these advantages, researchers have analyzed
and compared aBMD derived from X-ray imaging and
DXA and noted a relatively good correlation (correlation
coefficient =0.79) for aBMD measurements using fingers (10).
Subsequently, several studies have investigated the possibility
of automatically measuring aBMD from X-ray images (16,17).
Some studies have employed computed X-ray densitometry,
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Figure 1 Study principle. This study constructed a dataset by collecting the aBMD of the forearm area measured using DXA and the X-ray

images of the step phantom, the hand and forearm regions of children

for model training. The parameters determined by training were

used for aBMD measurement. The red box in the lower-left corner of the figure indicates the step phantom prepared using hydroxyapatite

and soft tissue-equivalent epoxy resin. The phantom and hand are shown in the X-ray images as indicated by the red and yellow boxes. And

after background subtraction, we specifically selected the background regions and the ROIs for the radius and soft tissue, as indicated by the

yellow square (the background regions), red square (the ROI for the radius), and green square (the ROI for the soft tissue) outlines in the

upper right X-ray image, respectively. aBMD, areal bone mineral density; DXA, dual X-ray absorptiometry; ROI, region of interest; SCN,

spatial configuration network.

machine learning and deep learning methods to predict
aBMD using metacarpal (18), and spinal X-ray images (19).
These learning-based methods can identify and segment the
regions of interest (ROIs) (20,21) and automatically classify
and regress aBMD. However, studies on measuring forearm
aBMD using the forearm (radius) X-ray images are lacking.
In the relevant study, the ROIs were manually delineated
from the forearm X-ray images of individuals over 25 years
old and regressed for aBMD (22). However, the location of
the ROIs was needed for manual delineation; furthermore,
the study population was limited to adults, limiting its
clinical application.

Considering the status quo of the research on aBMD,
in the present study, we proposed a learning-based method
to address these issues. First, X-ray images of the step
phantom and the hand and forearm regions of children were
used as imaging data. The effect of the X-ray device was
eliminated by converting the grayscale values of the radius
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and soft tissues into equivalent phantom thickness. Second,
a linear regression equation between aBMD via DXA and
the equivalent phantom thickness was developed. Finally,
aBMD was automatically measured. The experimental
results on a clinical dataset of 500 images demonstrated a
high correlation between aBMD via DXA and the measured
values, indicating its potential for clinical promotion.

Methods
Study principle

In this study, a fully automatic aBMD measurement
procedure was implemented via three steps, as demonstrated
in Figure 1. First, the attention U-Net algorithm was
utilized to remove background interference, and the spatial
configuration network (SCN) algorithm was utilized to
segment the ROIs that were to be measured. The grayscale
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Table 1 The characteristics of the participants

Zhao et al. Deep learning method for BMD measurement

Parameters Total Kindergarten Elementary school Middle school
Sample size 500 37 233 230

Age (years) 11.75+3.84 4.49+0.83 10.23+2.57 14.47+2.66
Gender (male) 248 (49.60) 20 (54.10) 111 (47.64) 117 (50.87)
BMI (kg/m?) 19.67+4.39 15.89+1.61 18.75+4.12 21.21+4.33

Data are presented as mean + SD or n (%), unless otherwise stated. BMI, body mass index; SD, standard deviation.

Figure 2 Example of the ROI segmentation of the radius (the

selected area is outlined in red). ROI, region of interest.

values of the radius, adjacent soft tissues, and nearby
background area were calculated. The grayscale values of
the soft tissues and radius were corrected using those of
the background area. Then, the phantom segmentation
algorithm based on the template matching method was
used to locate the grayscale values of each step in the step
phantom automatically. A linear relationship was established
between the grayscale values of X-ray images and the
equivalent phantom thickness to obtain the equivalent
phantom thicknesses of the radius and soft tissues. Finally,
using a learning-based method, the linear regression
equation between the aBMD via DXA and the equivalent
phantom thicknesses of the radius and soft tissues on the
selected measurement position was established, and the
aBMD value was obtained from the X-ray images.

Data acquisition

This study was conducted according to the principles of the
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Declaration of Helsinki (as revised in 2013). The survey was
reviewed and approved by the Ethics Committee of Beijing
Jishuitan Hospital (No. 201907-11). The participants were
healthy school children aged 3-16 years who volunteered to
participate in the study and had received parental consent.
The characteristics of the participants are detailed in Table 1.
The participants underwent X-ray imaging of the left hand
and a part of the forearm in the Beijing Jishuitan Hospital,
as well as an examination of the forearm area using DXA. In
total, the dataset comprised 500 X-ray images selected from
749 clinical images based on their quality. These images
were resized to 2,048x2,560.

A table-mounted digital X-ray device (Xbone, Dymena
Healthcare, Shanghai, China) was used to acquire the X-ray
images of all participants. The imaging parameters of the
X-ray device were as follows: 75 kVp, 200 pA, imaging area
of 300 mm x 300 mm (image resolution: 0.12 mm pixel),
and focus-film distance of 100 cm. aBMD was assessed
using peripheral DXA with an EXA-3000 instrument
(Osteosys, Seoul, Korea).

A four-step thickness phantom prepared using
hydroxyapatite and soft tissue-equivalent epoxy resin (22), a
material exhibiting X-ray attenuation characteristics similar
to the bones, was imaged along with the left forearm as
shown in Figure 1. The phantom and the wrist were imaged
simultaneously, with the phantom positioned approximately
2 to 3 cm from the edge of the wrist bone. Additionally, the
grayscale value of phantom in the image was based on the
thickness of the specific part of the phantom. Because the
phantom thickness was known, the relationship between
the thickness and grayscale value could be derived (23,24).
Therefore, this relationship was utilized to determine the
equivalent phantom thickness of the ROI and soft tissues.

Data preprocessing

Based on the clinical procedures, ROI for measuring the
forearm aBMD was defined as the region between both
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Figure 3 Background removal procedure. Conv, convolution; ReLU, rectified linear unit.

ends of the distal tightening of the radius [most studies
select the ultra-distal radius and one-third of the radius
(15,25)], because it is the high-risk area for forearm and
wrist fractures (Figure 2). Therefore, the background should
be removed, and the aforementioned region should be
accurately selected.

Background removal

Before locating the ROI, the hand and phantom regions were
identified. In this study, attention U-Net (26), a variant of
U-Net (27), was used. In this algorithm, an attention module
was integrated into the traditional U-Net architecture to
enhance the sensitivity of identifying foreground pixels in
the image by highlighting the features of specific areas. In
the encoding part of the network, every input image was
progressively filtered and downsampled by factor of 2 at
each scale. Attention gates filtered the features propagated
through the skip connections. Feature selectivity
in attention gates was achieved by using contextual
information extracted in coarser scales. Finally, the attention
U-Net network used in this method could automatically
learn the target structures of different shapes and sizes, and
extract the mask of the target area from the original X-ray
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image to remove the background. Figure 3 illustrates the
procedure for background removal.

Phantom segmentation

The phantom region was segmented using OpenCV via
the template matching method. This method employs
normalized squared difference {Eq. [1]} as the evaluation
metric in matching. Optimal results are achieved when its

value is zero:

Z(T(x',y')—](x+x',y+y‘))2
R( : XLy

xy) =2 : : 1
ZT(x',y') ~21(x+x',y+y') 1]

xLy'

Where R(x,y) indicates the normalized squared
difference value matched with the template of the area sized
similar to the template, with (x,y) as the upper left corner
on the original image; T(x,y) and I(x,y) indicate the
grayscale values of the template image and the region on the
original image, respectively; x' and »' indicate the process
of traversing pixels on the template image; their values
range from zero to the width or length of the template
image.
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Figure 4 Addition of a rotational invariant factor to match and segment the phantoms at different angles. The average grayscale value of the

boxed region was calculated. Phantoms rotated (A) -6°, (B) -4°, (C) 0°, and (D) 4° clockwise, respectively.

Because the position of the phantom may change during
imaging, the template matching algorithm was improved
by adding a rotational invariant factor, as demonstrated in
Figure 4. For the phantom in the X-ray image captured at
different angles, our developed method could accurately
segment the actual edges and calculate the average grayscale
values in the central area of each part. Furthermore, the
experiments revealed that the phantom could be well-
positioned and segmented from different angles.

The average grayscale value in the segmented phantom
was calculated. Because the relationship between phantom
thickness (unit: mm) and the grayscale value of the phantom
could be highly linear over the range of the step phantom
and the median correlation coefficient was r=0.9997 (22),
we achieved the calibration relationship between the
phantom thickness and grayscale value of the X-ray
images via linear fitting to determine the parameters of
the linear fitting equation. Before performing automated
aBMD measurements, the calibration equation parameters
were automatically calculated for each image, thereby
establishing the relationship between the phantom thickness

© AME Publishing Company.

and grayscale value of that particular X-ray image.

Key point detection

In the context of this study, traditional location algorithms
may provide inaccurate results owing to similarities in
the texture of the radius in the X-ray images. Therefore,
SCN (28) was developed for key point detection. This
method can use the relative positions between different key
points to correct and optimize the location results. In this
method, the location task was converted into a heatmap
regression task, achieving better performance with limited
training data. SCN comprises two networks. The first sub-
network was used to construct a feature-point heatmap.
In the heatmap, the closer the key point, the higher the
pixel grayscale value. The candidate prediction region
located by this sub-network served as the input for the
second sub-network. In the second sub-network, the spatial
configuration component was introduced to improve the
accuracy of the heatmap. Therefore, it could accurately
provide the location coordinates of the key points.
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Figure 5 Regions for ROI extraction. (A) The selected bone and soft tissue ROIs and background areas in hand X-ray images. The yellow

square indicates the background region. (B) Example of ROI segmentation for the radius (the selected area is outlined in red) and soft tissue

(the selected area is outlined in green). ROI, region of interest.

ROI extraction

After the key points were located, the distal tightening of
the radius and adjacent soft tissues was segmented via three
steps. First, the ROI was segmented in the radial area.
For the distal end of the radius, the line connecting those
two key points aforementioned was used as one side to
generate a square, as illustrated in Figure 5 (the red square).
Furthermore, by setting an adaptive threshold for grayscale
values, the area outside the radius was removed. At this point,
the ROI of the radius area was segmented. Second, the region
of the soft tissue was segmented. A rectangle was chosen to
delineate the soft tissue to eliminate the errors associated with
the presence of the soft tissue (8), as illustrated in Figure 5
(the green rectangle). Third, two square areas outside the
wrist were extracted as the background region in the X-ray
image, as illustrated in Figure 5 (the yellow square).

After completing the segmentation, the average grayscale
value of these areas was measured. The measurements of
grayscale values over the ROISs and soft tissues were corrected
for errors by subtracting the background measurements.
Finally, using the linear calibration relationship mentioned
above, the background-corrected data was converted into
equivalent phantom thickness measurements.

Estimation of aBMD

After fitting the calibration relationship as mentioned
above, aBMD was measured in two stages. During the
training stage, forearm aBMD measurements via DXA and

© AME Publishing Company.

the equivalent step phantom thicknesses of the ROI and
soft tissues were pooled and analyzed via linear regression
analysis to elucidate the best fitting values of the coefficients
P, Q, and R in Eq. [2] to eliminate the interference of soft
tissue for X-ray image-based forearm aBMD measurement.
During the test stage, the forearm aBMD in the X-ray
images was calculated using Eq. [2], with values of the
adjusted coefficients P, Q, and R determined from the
training set mentioned above.

Px(T(1,)-0xT(1,))+R=aBMD,,, 2]

where 7, indicates the average grayscale value of the ROI;
I, represents the average grayscale value of the soft tissue;
T is the calibration relationship between the grayscale value
and the equivalent phantom thickness; P (unit: g/cm’/mm)
indicates the relationship between the equivalent phantom
thickness (unit: mm) and its corresponding aBMD
measurement value (unit: g/cm’); @ (unit: g/cm’/mm) is the
weight given to the equivalent phantom thickness of the soft
tissue, representing its effect on the aBMD measurement
value; and R is a constant term (unit: g/cm’) used to
improve the generalization of the equation. The values of
parameters P and Q vary based on the different thicknesses
of the radius and soft tissue.

Validation of the results

A five-fold cross-validation process was used. Five hundred
images were randomly divided into five groups, with each
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Figure 6 Best performance of the aBMD measurement in five-fold cross-validation. (A) Statistical error plot. (B) Bland-Altman plot. aBMD,

areal bone mineral density; DXA, dual X-ray absorptiometry; r, the correlation coefficient; SD, standard deviation.

group alternating as the test set, whereas the remaining four
groups were used as the training set.

To investigate the results of the ROI segmentation, four
metrics were used: Accuracy {Eq. [3]}, Dice {Eq. [4]}, IOU
{Eq. [5]}, and Recall {Eq. [6]}:

TP+TN

A S i S
conracy TP+ FP+FN+TN B3]
Dice— 2x|segﬁRef|
|Seg|+[Re /] [4]
1ou =P ORed| -
|seg URe f|
Recall __Ir [6]
TP+ FN

where TP and FP indicate true positive pixels and false
positive pixels, respectively; TN and FN indicate true
negative pixels and false negative pixels, respectively; Ref
denotes the actual segmentation results; and Seg denotes
the segmentation results of our method.

"To determine the performance of the key point location
method, the point-to-point error based on Euclidean
distance was used as the metric (28). For the key points in
the image, the normalized point-to-point error is defined
in Eq. [7]. The median, mean, and standard deviation (SD)
of the point-to-point errors on all key points of all images
were calculated as PE,;:

X

i

PEV) —

i

[7]

2
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To analyze the individual fitting results of the calibration
relationship and the regression equation, as well as to evaluate
the ROI segmentation results, correlation coefficient, a
measure of the strength of the linear relationship between
the two entities, was used. The formula for calculating this
indicator is represented in Eq. [8]:

BB -E[))]
JELx ~E[XT JE[r-E[V]]

where X and Y indicate the two variables representing
the predicted and actual values, respectively, and E is the

(8]

expectation of this variable.

Results
aBMD measurement

Five-fold cross-validation was utilized to evaluate the linear
regression equation for measuring aBMD. As described in
the “Estimation of aBMD?” section, the parameters in Eq. [2]
were obtained from the training set, and the measured
aBMD of the forearm using five test sets was compared with
the forearm aBMD measurements via DXA. The average
correlation coefficient was 0.836.

Figure 6 illustrates the statistical error plot and Bland-
Altman plot. The obtained SD (0.056) was relatively
small, and outliers exceeding the £1.96 SD limit accounted
for only 5% of all values, further proving performance
consistency. Our results suggest that the proposed
automatic forearm aBMD measurement method exhibits a
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Table 2 Key point location results

PE,, (Mmm)

Network Image size (pixel)

Median

Outliers (>10 mm)
Mean + SD

SCN 1,024x1,024

0.46+0.51 4.6%

PE,: the median, mean, and SD of the point-to-point errors on all key points of all images. SD, standard deviation; SCN, spatial

configuration network.

Table 3 ROI segmentation results

Model Accuracy  Dice 10U Recall rate
Attention U-Net 0.983 0.892 0.916 0.945
U-Net 0.961 0.855  0.881 0.917

Without the model 0.649 0.677 0.672 0.695

ROI, region of interest; IOU, intersection over union.

Statistical error plot

20 4 r=0.906
16

12 A

Forecast, mm

T T T T T T
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Figure 7 Scatter plot of the ROI segmentation results. r, the
correlation coefficient; ROI, region of interest.

high correlation with the gold standard.

Key point location results

The locating performance of the SCN was investigated.
The average results of all test images were evaluated, as
summarized in 7able 2. The median deviation radius of the
outliers in network localization was 0.38 mm, the SD value
of the deviation radius was 0.46+0.51 mm, and outliers
with a localization error of more than 10 mm accounted for
approximately 5% of all key points.

© AME Publishing Company.

ROI segmentation results

Two sets of comparison experiments were performed
for ROI segmentation: segmentation with and without
the background removal model. Tiable 3 summarizes the
segmentation results. The results suggest that the attention
U-Net model can effectively improve the performance of
the segmentation and the fineness of edge segmentation.

Clinical doctors annotated the ROIs in the images
and calculated their equivalent step phantom thickness.
To validate the performance of ROI segmentation, the
equivalent step phantom thickness of the ROIs was
calculated using the entire dataset; these values were
then compared with those calculated by doctors. Figure 7
illustrates the error statistics. The correlation coefficient
between both entities was 0.906. These results suggest that
ROI segmentation was performed at a competence level
comparable with that of clinicians.

Discussion

In this study, we proposed an automated method to measure
forearm aBMD using X-ray images. Using this method, the
key points for ROI segmentation were located, regression
analysis was employed to eliminate the effect of soft tissues,
and aBMD was measured. Our proposed method is suitable
for aBMD measurement in children because it only requires
a single X-ray image to be taken of the forearm with the
equivalent step phantom. This single image can assess
bone age or injuries (such as sprains, fractures, or breaks)
in the wrist while also measuring aBMD in the forearm.
This approach reduces additional costs and radiation
exposure while providing a more comprehensive evaluation
of children’s growth and development. Additionally, the
method increases attention to the risk of forearm fractures
in athletic children.

The experimental results revealed a strong correlation
between aBMD from X-ray imaging and that from DXA
(r=0.836), suggesting the clinical relevance of the hand
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Table 4 Comparison of key point location network results
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PE,, (mm)
Network Image size (pixel) Outliers (>10 mm)
Median Mean + SD
SCN 1,024x1,024 0.38 0.46+0.51 4.60%
Downsampling-Net 1,024x1,024 0.81 0.92+0.65 7.10%
ConvOnly-Net 1,024x1,024 0.62 0.77+0.72 6.60%
U-Net 1,024x1,024 0.47 0.54+0.62 5.20%

PE, : the median, mean, and SD of the point-to-point errors on all key points of all images. SD, standard deviation; SCN, spatial

configuration network.

and forearm X-ray image-based aBMD measurement
method used in this study. Moreover, we observed a higher
correlation compared with other similar studies (22).
Furthermore, we successfully automated the entire aBMD
measurement method.

The robustness and accuracy of the key point detection
network significantly affected our proposed aBMD
measurement method. Therefore, we compared the
location results of three other key point location networks:
Downsampling-Net (29), ConvOnly-Net (29), and U-Net 27).
Because SCN was based on heatmap regression, the number
of network weights and computational complexity were
decreased via image-to-image mapping. The performance
of the four algorithms was determined; the results are
summarized in Table 4. The SCN network achieved
the best location results using the dataset. This further
demonstrated the accuracy and reliability of the subsequent
ROI segmentation.

Next, to eliminate the effect of background noise on
key point detection, we used a segmentation algorithm for
background removal. The attention U-Net network used in
this method could automatically learn the target structures
of different shapes and sizes. Furthermore, it enhanced the
sensitivity of the model to the foreground objects of the
images by highlighting the features of specific areas. The
algorithm for background removal based on the attention
U-Net network significantly improved all metrics, as
demonstrated in Table 3.

Although we used an internal dataset for training and
testing, our proposed method for estimating the aBMD
of children using hand and forearm X-ray images holds
promise for clinical application owing to two key reasons.
First, the attention U-Net network used in the study can
maximally eliminate the effects of differences in multicenter
data that appear in forearm X-ray examinations in clinical

© AME Publishing Company.

settings because it is designed to handle datasets of different
medical images. Second, the introduction of the calibration
phantom allows the automatic establishment of the calibration
relationship between aBMD and grayscale values in the X-ray
images, considerably decreasing the effects of multicenter
data. So, the method is worth for being promoted.

In the present study, we used images from children
aged 3-16 years. Because children have various growth
and developmental stages compared with adults, children
of different age groups exhibit statistically significant
differences in aBMD (22). Although there was a good
correlation between the aBMD estimation results in our
study, determining the parameters of the linear regression
equation based on age group may further improve the
results. In the future, we will collect more comprehensive
data, including age, to differentiate the different parameters
of the regression equation based on age groups.

With the widespread application of artificial intelligence
technologies in medical image segmentation and biomedical
signal processing tasks (30-32), the primary objective of this
study was to apply the proposed automatic deep learning-
based BMD measurement method in clinical settings for
children undergoing bone age assessment and those who
had experienced certain traumas. We aimed to take a
single X-ray image, which, in conjunction with the use of
equivalent step phantoms, can assess bone age or injuries
in the wrist while also measuring aBMD in the forearm,
to further evaluate growth and development. And this can
reduce additional radiation exposure and imaging costs
while improving measurement efficiency. Since our team
has already made significant progress in the study of bone
age assessment based on hand X-rays in children, and has
published a series of research papers, as referenced (33,34).
We plan to integrate the methods from both areas into
software in the future, and the work on packaging the code
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and developing software for bone age studies has been
basically completed.

Conclusions

We performed automatic clinical aBMD measurements
using the forearm X-ray images of children. Using the
method, key points were located and ROIs were extracted
automatically. Furthermore, linear fitting and linear
regression analysis, and a learning-based approach were
used to remove the effects of soft tissues. The measured
aBMD using X-ray images exhibited good consistency
(0.836) with that using the gold standard (DXA), suggesting
the accuracy of the proposed method. Simultaneously, the
single image taken with the forearm and the equivalent step
phantom can assess bone age or injuries (such as sprains,
fractures, or breaks) in the wrist while also measuring
aBMD in the forearm, thereby decreasing time, costs, and
radiation risk, with particular benefits for children.
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