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Assessment of bone age, which represents the development and maturity of bones. It helps treat various pediatric
conditions and address legal issues. Conventional bone age assessment is a complex and laborious procedure that
is susceptible to inconsistencies between different reviewers and within the same reviewer. Artificial intelligence
is a new automatic, accurate, and fast method used to evaluate bone age from X-ray images. In this work, a
new network design based on AI methods is proposed. This network is based on the dataset obtained from the
Paediatric Bone Age Challenge organized by the Radiological Society of North America. The collection comprises
12,600 radiological pictures of left hands, each labeled with the patient’s bone age and sex. The design involves
two steps: first, using a Faster R-CNN mask by training the ResNet50 model to select regions of interest and then
entering the selected regions into three models (Inception v3, GoogleNet, and ResNet50) for regression-based
bone age estimation. The results from these models vary based on their internal structure. ResNet50 yields a mean
absolute error (MAE) of 10.6 for males and 9.5 for females. Inception v3 has an MAE of 7.5 and 8.3 for Males
and females, and GoogleNet has an MAE of 8.4 for males and 9.2 for females. These models can enhance the
precision and effectiveness of bone age prediction.

� 2026 University of Al-Qadisiyah. All rights reserved.

1. Introduction

Bone Age Assessment (BAA) is frequently Stated as a method of evalua-
ting pediatric skeletal age, which is a medical way of evaluating the phase
of skeletal growth of a youngster [1]. BAA is not presenting a new field of
ability in medical knowledge, was used in the old Roman Kingdom as an
Indicator for conscripting adolescent males for military service [2]. BAA is
an accurate indicator for the diagnosis of many sicknesses and problems [3].
BAA aims to evaluate development and adulthood and to diagnose and manage
pediatric illnesses [4]. Therefore, the accuracy of BAA is crucial. Traditional
BAA techniques have been employed for an extended period; nevertheless, the
primary issue with these methods is the lack of consistency between different
reviewers within the same reviewer [5, 6]. The process of manually assessing
bone age normally entails capturing an X-ray image of the left hand and then
comparing it to established reference standards. Two methods are proposed,
mentioned and used most often in this context: Greulich and Pyle’s Handbook
of skeletal age determination and Tanner – Whitehouse estimation. Tanner
Whitehouse approach is followed by Brian Palmer Sharanakara, confused
Granada initiates Palmar [[7, 8]. The bone age is typically estimated using the
Greulich and Pyle (non-empirical) atlas which was published by Tanner for
the first time in 1959 [9]. Information collected by clinicians for estimating the
mature bone age for existing and future practices is termed a reference. The
doctor compares the x-ray of the left hand to an image in the atlas based on his
or her knowledge and skill [10]. As against the Tanner Whitehouse method,
the latter focuses on a detailed measurement of ‘Regions of Interest’ within the

bones of the left hand [11–14]. Instead of relying on visual assessment as in the
G&P method, which involves appraising bones within the same hand by sight,
the Tanner Whitehouse approach employs that each of the pieces of bone under
consideration is given a number score. The TW3 version of this procedure
moves a step forward in terms of being comprehensive as it includes more
regions such as the ulnar, short bones and radius, Fig. 1. Tanner Whitehouse
Method includes the sex differentiation which in many cases it is absolutely
necessary when one considers children, as growth patterns can be exceedingly
distinctive in girls and boys [15, 16]. Bo Liu et al. [17] also investigated a
two stage BAA system in the year 2017. At the first stage, a CNN named
VGG-U-Net is employed to segment hand and wrist area from the X-ray image.
Then, a conditional Generative adversarial network was built to evaluate bone
age. The RSNA2017 Pediatric Bone Age dataset was adopted. The approach
yielded an average MAE of bone age estimation of 6.05 months, being 6.01
for males and 6.09 for females at the subgroup level. In 2018, Larson et al.
[18] were interested in the problem of estimate the skeletal maturity based on
the pediatric hand radiographs using the deep-learning convolutional neural
network (CNN). Comparison of the results of the model with the performance
of radiologists and automatic models. Showed that for the CNN model MAE
was 0.50 years. This improvement could greatly help the diagnosis of the
condition in pediatric radiology. In 2018, Vladimir I. Iglovikov et al. [19]
described a deep learning technique developed for estimating the bone age of
children based on the RSNA2017 Paediatric Bone Age dataset. The method
contained not only a complete pre processing sequence but it also included
training (CNNs) on segmented and normalized left X-ray images of hand.
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Nomenclature
Cp Specific heat (J/kg K) Greek Symbols
k Thermal conductivity (W/m K) α Thermal diffusivity (m2/s)
kr Thermal conductivity ratio, (kr = kw/k f ) β Thermal expansion coefficient (1/K)
L Length of the enclosure (m) Φ Solid volume fraction
Lb Baffle length (m) Θ Dimensionless temperature
Nul Local Nusselt number along with the heat source φ Baffle inclination angle
Nu Average Nusselt number µ Dynamic viscosity (kg/ms)
p pressure (kg/ms) Subscripts
P Non-dimensional pressure av average
Pr Prandtl number b baffle
Ra Rayleigh number c cold
T Dimensional temperature f fluid (pure water)
U Non-dimensional velocity component X-direction h hot
V Non-dimensional velocity components Y-direction n f nanofluid
wb Baffle width (m) p nanoparticle
X Non-dimensional X-coordinates s solid
Y Non-dimensional Y-coordinates w wall

Different hand bone meanings were comprehended by training different models
on different regions of hand. the procedure produced a (MAE) of 4. In the
year 2019, Eric Wu et al. [20] developed a network based on residual attention,
which was designed for hand bones age assessment. Their method used a Mask
R-CNN subnet to gate-crash the region of interest in an X-ray picture none
the less removing all extraneous components. A residual attention model was
designed to perform bone age evaluation in a more clinical environment based
on bony areas and achieved a mean absolute error MAE of 7.8. In the year
2021, David K. et al. [21] carried out a study using a prospective multicenter
randomized controlled experiment to determine whether artificial intelligence
algorithm really improves the accuracy of skeletal age assessment. was made
a study allowing radiologists with and without AI in the decision making
process using RSNA Paediatric Bone Age dataset. The results indicated that
application of the AI algorithm, average skeletal age assessment difference
was reduced from 5.95 MAD to 5.36 MAD. In 2021, JIN HE & DAN JIANG
[22] proposed a lossless image density based end-to-end BAA model along
with a squeeze-and-excitation deep residual network SE ResNet. This method
applied to the RSNA 2017 challenge data achieved a MAE of 7.35.

Figure 1. ROIs are used in the TW3 metho [23].

In 2021, KEXIN LI et al . [5] evaluated a deep convolutional neural network
(CNN) model based on fine-grained image classification, using an image data-
set provided by RSNA Experimental outcomes show that the planned method
reaches MAE at 7.55±3.71 and 7.74±3.81 months for males and females,
respectively. In 2021, Shaowei Li et al. [24] developed A computer-aided
diagnosis method utilising deep learning proposed for performing BAA. A
proposed image processing pipeline was developed based on a comprehensive
unsupervised learning mechanism. The prediction head embedded into the
feature vector produced from the backbone model incorporated gender infor-
mation as an extra input. The analysis revealed a mean absolute inaccuracy
of 6.2 months on the RSNA dataset and 5.1 months on the supplementary
dataset when MobileNetV3 was employed as the backbone. In 2022, Chi-
Chang Chen& Yu-Xian Chou. [10] used four AI models, ResNet50, VGG16,
Xception, and ResNet152, to predict the bone ages of X-rays from the RSNA
dataset. Xception gets better results than the other models. The MAE was
7.21 months. In 2023, Xiongwei Mao et al.[6] designed a two-stage convolu-
tional transformer network to enhance the precision of BAA. By integrating

object recognition and a transformer, the initial phase replicates the bone age
analysis procedure performed by paediatricians. It efficiently identifies and
extracts the region of interest (ROI) in real-time using YOLOv5. Gender is
incorporated into the feature map. The second stage involves the extraction of
features specifically inside the region of interest (ROI). The proposed method
is assessed using the data from the Paediatric Bone Age Challenge prearranged
by RSNA. The experimental results show that the technique achieves (MAE)
of 6.22. In the proposed study, the ResNet50 model was used for the detection
of the region of interest, and three other models were suggested (Inception
v3, GoogleNet, and ResNet50) for the estimation of bone age from X-ray
images. The first proposed model utilized ResNet50 for feature extraction from
left-hand X-ray images and then ROI selection depending on the training label.
The other models used the image crop from the first model as input for the
regression of bone age. The major contributions of this research work are:

• Prepressed, Rearranged, and labeled the data set.
• Use deep learning techniques to design an automatic ROI detection

depending on the Faster R-CNN mask and the predicted bone age from
an X-ray image.

2. Methodology
This section details shown in the pipeline Fig. 2. Starting from the dataset
followed by the pre-processing method used to improve the image quality and
increase colour contrast. Then, described in detail how to select a region of
interest (ROI) and train a special Resnet50 for this purpose. The result from
Resnet50 used to train another model to evaluate bone age. The environment
used to conduct the study was the following:

• MATLAB 2024A with computer vision
• Windows 11 64bit
• GPU: Nvidia RTX 2070
• RAM: 32 GB

Figure 2. Pipeline of BAA.
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2.1 Dataset
The proposed methodology was developed using the publicly available RS-
NA dataset, which comprises 12,611 X-ray images. Figure 3 presents sample
images extracted from this dataset. The dataset includes the following attribu-
tes:

• ID: An identifier for each photograph.
• Bone age: Bone age for images, represents the truth table.
• Gender: Gender info, indicated as male (true) or female (false).

To improve the quality and contrast of the X-ray image, a multi-step prepro-
cessing procedure was used. This procedure included resizing, rotation, image
histogram equalization (imhist), contrast-limited adaptive histogram equaliza-
tion (CLAHE), and conversion of the grey image to Red, Green & Blue (RGB)
format as shown in Fig. 4.

Figure 3. Samples taken from the dataset.

Figure 4. Preprocessor.

2.2 Faster R-CNN Mask
To automatically select an ROI that fits the modified TW3 criteria, as shown in
Fig. 5, a modified ResNet50 model was employed along with a region proposal
network (RPN). The following steps were used to create a Faster R-CNN mask:

• Resize images to 299× 299 to provide more acceptable data for the
neural network.

• Preprocess the images using (CLAHE).
• Manually annotate the ROI for 294 random images and select three

boxes, as shown in Fig. 3, using an image labeler.
• Divide the dataset into 60% for training, 10% for validation, and 30%

for testing.
• Use augmented data to improve network accuracy.
• Modify the ResNet50 model by removing the last three layers (fc1000,

c1000-softmax, ClassificationLayer-fc1000).
• Define new classification layers (rcnnFC, rcnnSoftmax, rcnnClassifica-

tion).
• Add an ROI max pooling layer and connect it to the feature extraction

layer activation-40-relu as in Fig. 6.

Figure 5. Region selection based on modified TW3.

Figure 6. Faster R-CNN layers.

2.3 Regression
The BAA model presented in this paper is a convolutional neural network:
Inception v3, ResNet50, and GoogLeNet. To modify these models to do re-
gression, specific modifications were made to each architecture. Improvement
of the model’s result, the data was combined with age as inputs. By Merage
both image and age, the profit from additional background information leads
to improved performance in bone age prediction.

2.3.1 Inception v3
Inception v3 is a convolutional neural network intended to aid with picture
analysis and object detection. It is the third iteration of Google’s Inception
model. The convolutional neural network used several novel techniques, in-
cluding the RMSProp optimizer, factorized 7×7 convolutions, BatchNorm
in the auxiliary classifiers, and smoothing labeling. Factorizing convolutions
reduces the parameter count while maintaining network efficiency [25]. To the
regression model, the last three layers (’predictions’, ’predictions-softmax,’
and ’ClassificationLayer-predictions’) were removed. In their place, regres-
sion layers were added, specifically a fully connected layer and a regression
layer, as illustrated in Fig. 7. This modification enables the network to predict
continuous values, such as bone age, rather than categorical outputs.

Figure 7. Inception v3 internal layer [26].

2.3.2 ResNet50
The ResNet50 is a convolutional neural network renowned for its exceptional
performance in picture classification. ResNet implemented residual networks
as an intermediary between layers, resulting in a reduction in loss, retention
of acquired knowledge, and enhanced performance throughout the training
phase [27, 28]. A block diagram of the ResNet model’s architecture is shown
in Fig. 8. Similarly, the ResNet50 model was adapted by removing its final
layers (’fc1000’, ’fc1000-softmax’, ’ClassificationLayer-fc1000’) and adding
regression-specific layers to calculate bone age.
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Figure 8. The architecture of the ResNet-50 model.

2.3.3 GoogLeNet

GoogLeNet is a specific convolutional neural network that was developed ba-
sed on the Inception design. The network employs Inception modules, which
enable the selection of several convolutional filter sizes inside each block. Goo-
gLeNet specifically denotes the specific version of the Inception architecture.
The system employed a more extensive and widely implemented Inception
network that exhibited a somewhat higher level of quality [29]. A block dia-
gram of the GoogLeNet architecture is shown in Fig. 9. GoogLeNet was also
modified to include regression layers after removing the final classification
layers (’loss3-classifier’, ’prob’, ’output’). The change enables the AI model to
output number values.

Figure 9. The architecture of GoogLeNet [30].

3. Results and discussion

3.1 Dataset

The dataset of 12,611 X-ray images was divided into three subsets for the
development and evaluation of the model:

• Training: 70% (8,827 images).

• Validation: 15% (1,892 images).

• Test: 15% (1,892 images).

3.2 Faster R-CNN Mask

The results of training the model presented by the precision-recall (PR) curve
of the ResNet50 model, which achieved an average precision of 0.79, as shown
in Fig. 10. The test results of the ResNet50 model are presented in Table 1.
The scoring system was constrained by a specific threshold code (≥ 0.85).
Only results that accurately exceed 85% are included in the final output, as
illustrated in Fig. 11. During training, the detector was employed to crop all
image inputs to focus on specific regions of interest. This targeted approach
ensures that the regression model concentrates on the most relevant areas,
thereby enhancing the accuracy and efficiency of bone age prediction.

Table 1. Results of Testing Resnet 50.

# Boxes Scores Labels
1 5×4 [0.9830;0.9903;0.9924;0.9697;0.7655] 5×1
2 5×4 [0.9955;0.9984;0.5610;0.7814;0.9747] 5×1
3 5×4 [0.9965;0.9916;0.8712;0.9958;0.6978] 5×1
4 4×4 [0.9860;0.9952;0.9965;0.8905] 4×1
5 7×4 [0.9905;0.9956;0.9220;0.7169;0.9850;0.8534;0.9534] 7×1
6 5×4 [0.9940;0.9839;0.9916;0.5743;0.6041] 5×1
7 4×4 [0.9882;0.9926;0.9982;0.9595] 4×1
8 4×4 [0.9898;0.9923;0.8734;0.8027] 4×1
9 3×4 [0.9804;0.9981;0.9967] 3×1
10 4×4 [0.9857;0.9964;0.9983;0.8784] 4×1
11 4×4 [0.9936;0.9744;0.5633;0.9969] 4×1
12 6×4 [0.9844;0.9960;0.9955;0.8469;0.9252;0.6196] 6×1
13 6×4 [0.8895;0.9985;0.7321;0.9957;0.9174;0.8798] 6×1
14 5×4 [0.9921;0.9688;0.7902;0.6406;0.9877] 5×1

Figure 10. Precision-Recall (PR) curve.

Figure 11. Result of Faster R-CNN mask.

3.3 Regression
The proposed models were implemented to extract features and regression
bone age from X-ray images. To execute these models, the software installed
on the Windows computer included MATLAB with computer vision and
image labeler package. The training of the Models (ResNet50, Inception v3,
and GoogLeNet) models for the males’ dataset and females using a special
option was as follows:

• Solver name: SGDM
• Learning rate:1e-6
• MaxEpochs: 32
• Shuffle: every epoch
• Validation Frequency: 30
• Verbose: True

The results of the training are shown in Table 2.
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These results indicate the use of the inception v3 model achieved lower MAEs
7.5 and 8.3 for males and females respectively. This proves the ability of In-
ception v3 to effectively learn essential features, as it assigns higher weights
to those features that contribute significantly to the model’s performance im-
provement. In contrast, the ResNet50 gives a higher MAE comparison with
the other two models.

Figure 12. Actual and predicted age using Inception V3.

This study proposed a technique for solving the problem of BAA by using AI
models. Three models (ResNet50, Inception v3, and GoogLeNet) were used to
extract features from the crop X-ray image of the left hand by Faster R-CNN
mask, Fig. 12. Good performance (7.21 MAE) was achieved on the data pre-
processed in the study in 20.3 by Chi-Chang Chen and Yu-Xian Chou [21]
when using ResNet50, VGG16, Xception, and ResNet152, to automatically
predict the bone ages. In 2023, Xiongwei Mao et al. [6] introduced a two-stage
convolutional transformer network to expand the accuracy of BAA and achie-
ved MAE 6.22. This paper proposed Three different models to predict bone
age. Inception V3 model achieved lower MAE when compared with ResNet50
and GoogLeNet. Table 3 shows previous methods used to predict bone age
compared to the proposed work.

Table 2. Results of training.

# Model Gender MAE
1 INCEPTION V3 MALE (7.5±1.8)
1 INCEPTION V3 FEMALE (8.3±2.3)
2 ResNet50 MALE (10.6±0.8)
2 ResNet50 FEMALE (9.5±0.5)
3 GoogLeNet MALE (8.4±0.5)
3 GoogLeNet FEMALE (9.2±0.9)

Table 3. Comparison of the proposed methods with the literature.

# Ref. Methodology Dataset MAE

1 [10] Vgg16, ResNet50, ResNet152, and
Xception RSNA

VGG: 12.47 & 9.95 ResNet50:26.49
&21.17 ResNet152:12.28 &9.81 Xception:

7.21 & 7.21

2 [6] Vgg16, ResNet50, ResNet152, and
Xception RSNA Swin transformer: 6.22

3 Proposed
method

R-CNN mask with inception V3,
ResNet50 & GoogLeNet RSNA

Inception V3 (7.5±1.8) & (8.3±2.3)
ResNet50 (10.6±0.8) & (9.5±0.5)
GoogLeNet (8.4±0.5) & (9.2±0.9)

4. Conclusions
This study explores building an Artificial intelligence model for Bone age
assessment. Derived from the clinical workflow TW3 of BAA a network based
on the RSNA dataset for age assessment. This model consists of two subnets:
the R-CNN mask subnet segments hands to different ROI and removes the
unwanted background based on anatomical parts mentioned in TW3. Further-
more, three regression models were used to predict age based on gender. This
network can be an effective solution for the radiography department, especially
in our country, Iraq, which has limited access to medical research and dia-
gnostic options. This model was devised to assist radiologists in detecting the
accurate age of pediatric cases. The result can be improved in future work by
increasing the number of training images, using image capture by digital X-ray
to improve the quality of images, and designing a user interface for easier use.
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