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Abstract. The paper proposes a web-based implementation for a bone age classification
system that assists clinicians in interpreting skeletal maturation in children using pediatric
hand X-ray images. The system is implemented using the Django framework and
incorporates a convolutional neural network (CNN) architecture to automatically predict
bone age from the input images. The proposed image classification system supports
multiple image formats, including DICOM, which contains embedded patient
information such as gender, birth date, and study date. These details are automatically
extracted to compute the chronological age of the patient. The system processes images
using deep learning—based feature extraction and predicts bone age based on learned
skeletal patterns. The performance of the proposed model is evaluated using standard
evaluation metrics, including accuracy, precision, recall, and F1-score. Experimental
results demonstrate that the CNN-based bone age prediction model achieves an accuracy
of 82%, precision of 82%, recall of 79%, and an Fl-score of 81%, indicating the
effectiveness of the proposed system for automated skeletal maturity assessment.

Keywords: Bone Age Assessment, Convolutional Neural Network, X-ray Imaging, DICOM,
Deep Learning, Django Web Application, Pediatric Growth Analysis

1 Introduction

Bone Age Assessment, or BAA, is an important clinical process by which the bone ages
of children can be determined. BAA is an important factor in diagnosing various bone
development disorders, hormonal disorders, and developmental problems, and select-
ing an appropriate bone development process. Estimating bone ages precisely helps
clinicians track the progress of bone development, check whether a specific bone de-
velopment process is successful, and, in turn, make appropriate bone development de-
cisions. Normally, bone ages can only be determined by a radiologist by examining
different bone structures of a child, as presented in an X-ray report of a child’s hands,
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by referring to various growth charts. Even though this is the most widely practiced
bone development process, this traditional bone development procedure is highly sub-
jective in nature, which causes problems in an increasing number of cases in a busy
clinical environment.

Recent advancements in artificial intelligence and deep learning have significantly
improved medical image analysis, including automated bone age assessment from hand
X-ray images [7], [10]. Several studies have demonstrated that machine learning and
convolutional neural network (CNN) models can effectively estimate bone age from
pediatric hand radiographs with improved prediction accuracy [9], [10]. All models and
concepts proposed for this purpose have focused more on accuracy enhancement and
have apparently failed or ignored formulating user-friendly models. Unfortunately, the
lack of user-friendly models, along with growth ranges and percentiles, can limit the
utility and applicability of proposed models as effectively as possible. Predicting and
showing effective output as mere numerical values without any additional detailing can
reduce the efficacy and applicability of proposed models.

To overcome the problem, this project is planned to facilitate a web-based automated
bone age classification system utilizing the Django platform and pre-trained CNN ar-
chitectures. The proposed system is anticipated to process pediatric hand image data
using both standard image formats and the DICOM medical image standard, enabling
better compatibility with real-world clinical image data. In the context of DICOM im-
age processing, key patient information such as gender, birth date, and date of study is
extracted from image headers and used to calculate the accurate chronological age from
the image data. For standard image data, it is planned to let the user manually provide
the patient information to meet practical needs towards maximum flexibility and com-
patibility with different clinical applications.

Once the image is processed, it utilizes gender-based pre-trained models of CNNs to
make direct predictions of bone ages from the processed image of the X-ray. The gen-
der-based models ensure that individuals understand that each gender develops differ-
ently during growth. To ensure that the predictions can be used, the prediction of bone
age is fitted against existing data on gender-based growth patterns. Cubic spline inter-
polation is used to ensure that expected values of bone ages, along with upper and lower
confidence limits, can be interpolated for a given chronological age. Additionally, sta-
tistical analysis using a normal distribution curve is conducted to obtain percentile val-
ues, which permit an interpretation of the bone growth either as abnormal, delayed, or
advanced growth patterns rather than a mere numerical value.

The system also employs a robust method of authenticating users, a user-friendly
interface through a web interface, and a structured output display method showing
chronological age, predicted bone age, percentile score, and classification of growth
status. The system integrates deep learning-based bone age prediction with statistical
growth modeling and a scalable web platform. Model performance is evaluated using
standard metrics, including accuracy, precision, recall, and F1-score, enabling a reliable
assessment of skeletal maturity and improving the efficiency of clinical decision sup-
port.
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2 Related Work

In clinical settings, bone age assessment (BAA) has long represented an important tool
in the study and assessment of skeletal maturity, growth disorders, and endocrine ab-
normalities among pediatric cohorts [1]. Traditional methods of bone age estimation
depend on radiographic analysis of hand—wrist images with standardized atlases [2].
Examples include the Greulich-Pyle method [3], and others based on a scoring ap-
proach, such as the Tanner-Whitehouse method [4]. Even though these approaches have
been widely employed and clinically validated, they are highly dependent on expert
interpretation and have a number of shortcomings concerning inter-observer variability
and inefficiency [5]. A number of review studies have critically analyzed the above
traditional methods and discussed their drawbacks regarding different ethnic and de-
mographic groups [6].

To overcome the limitations of manual assessment methods, several automated tech-
niques based on artificial intelligence have been proposed for bone age analysis, in-
cluding machine learning models, convolutional neural networks (CNNs), and trans-
former-based deep learning approaches [7], [9], [10]. Although the initial application
of machine learning techniques for bone age analysis from hand radiographs was lim-
ited to handcrafted feature extraction [8], recent advances in deep learning have enabled
end-to-end bone age analysis directly from X-ray images [9]. Systematic reviews have
proved the effectiveness of deep learning techniques, like convolutional neural net-
works and transformers, with better accuracy than the evaluation of radiologists [10].
Lightweight deep learning models have also been proposed for improving efficiency
with maintained accuracy [11].

Evidently, several studies have been conducted and implemented to validate Al-
aided bone age assessment systems in practical clinical scenarios [12]. A wide range of
studies on comparative evaluation of commercial and academic-grade Al systems re-
vealed improved reconciliations with better reading speed and better agreements with
GP-based assessments carried out by domain experts [13]. A number of studies also
highlight the significance of ethnic and geographical variations to make bone age esti-
mates more credible and correct [14]. A recent line of studies using multimodal ap-
proaches like large language models and fusion models aims to incorporate improved
interpretability with bone age estimation using Al [15].

Apart from the traditional X-ray technique, alternative imaging methods involving
ultrasound imaging and MRI scans have also been explored for the purpose of
radiation-free or multisite bone age estimation [16]. However, these imaging methods
could not gain popularity for bone age estimation by virtue of the increased costs in-
volved and the unavailability of these methods [17]. In conclusion, the overall literature
clearly emphasizes the use of automated deep learning-based bone age classification
methods instead of the traditional bone age estimation methods involving the use of
atlases [18].
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3 Result

The proposed bone age estimation system is implemented as a web application using
the Django framework and Python deep learning libraries. The proposed system is de-
signed to automatically predict the bone age of children from hand X-ray images. First,
the user is required to upload the hand X-ray images. The proposed system supports
standard image formats such as JPG and PNG, as well as DICOM medical images. For
DICOM images, the patient details such as gender, date of birth, and date of study are
automatically extracted from the image metadata, while for other images, the details
are entered by the user.

After the image is uploaded, the resizing and normalization steps are performed to
ensure that the input requirements for the convolutional neural network models are sat-
isfied. Gender-specific pre-trained convolutional neural network (CNN) models are
employed to predict the bone age in months from the X-ray images. The CNN model
automatically extracts skeletal features from the input images and learns patterns asso-
ciated with different stages of bone development. To make the output more relevant to
the clinical scenario, the predicted bone age is compared with the growth reference data.
Cubic spline interpolation is employed to compute the mean bone age and confidence
limits for the patient’s chronological age. Furthermore, statistical analysis employing a
Gaussian distribution is utilized to compute the percentile values, which enable the
classification of bone development as normal, delayed, or accelerated. The final assess-
ment results are provided using an intuitive web interface. The flowchart is shown in
Fig. 1.

3.1  List of Materials Used in Experiments

e The Pediatric hand X-ray images collected from publicly available medical
datasets were used for experimental validation. The dataset contains pediatric
hand-wrist radiographs used for bone age assessment and includes images
stored in standard formats such as JPG and PNG as well as DICOM medical
image format containing patient metadata.

e A standard desktop or laptop computer with enough processing power and
storage capacity for smooth execution.

e Python programming environment with Django web framework and deep
learning libraries such as Keras and TensorFlow

e  Pre-trained convolutional neural network models for bone age prediction.

e File storage system for managing uploaded medical images and associated
metadata.
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Fig. 1. A deep learning framework for skeletal maturity evaluation workflow.

3.2 Step-by-Step Procedure

3.2.1 Load Hand X-ray Images into the System

The process can therefore be initiated by uploading pediatric hand X-ray images via a
web interface. The system is designed to accommodate various image formats, such as
JPG, PNG, as well as DICOM medical image formats, making it useful in different
environments, i.e., clinical and non-clinical environments.
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3.2.2 X-Ray Image Preprocessing

After uploading the X-ray images, preprocessing steps, including image resizing, pixel
normalization, and image enhancement, are applied to ensure that the input images sat-
isfy the requirements of the convolutional neural network model and improve predic-
tion consistency.

3.2.3 Calculate Patient Chronological Age

A basic Perl code may be used to determine the chronological ages in months by using
the patient’s birthday and the study date, which is extracted using images in the DICOM
format or by inputting the data using conventional images. Apply a Convolutional Neu-
ral Network for Bone Age Prediction. A processed X-ray image may be input to a pre-
trained, gender-specific CNN to automate the calculation of the patient’s bone age, ow-
ing to the difference in the growth rate of the bones between males and females.

3.2.4 Application of Convolutional Neural Network for Prediction of Bone Age

The pre-trained gender-specific convolutional neural network analyzes the processed
X-ray images to estimate bone age. The model was trained on previously available pe-
diatric bone age datasets and is used in the proposed system for predicting bone age
from new input images. The bone age of the patient will then be automatically calcu-
lated. Gender-specific models will be used, i.e., different models for different genders,
because development is different for both genders.

3.2.5 Perform Statistical Growth Analysis

For appropriate clinical interpretations, the bone age thus determined is compared with
growth reference tables appropriate for each gender. Cubic spline methods of interpo-
lation and Gaussian analysis can be utilized.

3.2.6 Store and Display Results

Lastly, after predicting the bones, the system displays the prediction results to the user
in an organized fashion using an interactive interface on a webpage. This includes the
prediction results like the percentage result, age prediction, etc., with regard to the de-
velopment of the bone, i.e., early, normally developed, or advanced development. This
image illustrates the whole process of the automated bone age assessment system used
in this project. First, the pediatric hand X-ray image is taken as the input image. Then
the image passes through various preprocessing techniques such as resizing, normali-
zation, and enhancement. Next, the pre-trained convolutional neural network model
examines the image and determines the bone age from it. The output is then further
examined using statistical analysis techniques such as determining the percentile value
and confidence interval. Finally, based on the output, the bone development status is
obtained as normal, delayed, or accelerated. The performance of the proposed system
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is evaluated using standard evaluation metrics, including accuracy, precision, recall,
and F1-score, which are calculated during the experimental analysis.

3.3  Procedure to Implement the Process

The methodology adopted in implementing the proposed system in assessing bone de-
velopment in children follows a well-structured and systematic method. At the outset,
pediatric hand x-ray images are fed as input in the proposed system through the user
interface facility offered by the system. The proposed system supports various image
formats such as JPG and PNG images, as well as DICOM medical images in particular.
After the image is uploaded, there is an image preprocessing step. In this step, image
resizing to the required input image size by the convolutional neural network is con-
ducted. Additionally, the pixel normalization is performed to enhance image quality.
For the case of DICOM image data, the system automatically retrieves vital patient data
such as gender, birth date, and study date. However, in situations involving the use of
non-DICOM image data, the user is required to manually enter the data. This data is
then used in calculating the chronological ages in months. The processed image is fed
into a pre-trained convolutional neural network that analyzes skeletal features and pro-
duces an accurate prediction of the patient’s corresponding bone age. The system com-
pares the patient’s calculated bone age with reference growth information for different
genders in order to determine the percentile values as well as create the confidence
limits. Following the analysis, the bone development status is categorized based on the
statistics obtained, determining whether it is normal, delayed, or advanced develop-
ment. Finally, the calculated bone age, percentage, and growth status are saved for easy
display and interpretation using the interface provided to the user.

4 Results

4.1  QOutput

The proposed bone age estimation system is capable of analyzing the pediatric hand X-
ray images based on the patient information provided, such as gender, date of birth, and
date of the study. The system is capable of processing the input information and auto-
matically estimating the bone age based on the learned patterns. The experimental
results demonstrate that the proposed system can effectively estimate bone age from
pediatric hand X-ray images, achieving an accuracy of 82%, precision of 82%, recall
of 79%, and an Fl-score of 81%. The system processes pediatric hand X-ray images
along with patient information such as gender, birth date, and study date to estimate
bone age and evaluate skeletal maturity across different input samples. The bone age
values estimated enable further analysis of skeletal maturity by comparing the results
with the expected growth patterns. Especially when one is doing screening, one would
want few, if any, incorrect predictions because these would lead to further, unnecessary
tests. The value for recall, i.e., 79%. This demonstrates that the system is effective,
since it is able to pick up most bone age patterns that actually exist.
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Moreover, with an F1-score of 81%, precision is equally important as recall, thereby
indicating that the model is performing well without any prejudice towards one of them
in particular. Furthermore, with regard to the results of “Area Localization,” they
clearly highlight certain areas of focus in X-ray images of bones, thus further substan-
tiating the classification results provided by such an approach in validating its potential
as an effective system for decision-making in the assessment of bone age in an auto-
mated manner. Table 1. Shows the bone age model.

Table 1. Performance of Pretrained CNN-based Bone Age Model

Model Accuracy Precision Recall F1-Score
CNN-based Bone Age Model 82% 82% 79% 81%
4.2  QOutput

The experimental verification of the proposed bone age assessment system, moreover,
yields consistent performance results across a given set of images related to a human
hand X-ray. The bone age classification model achieved an accuracy of 8§2%, indicating
that the proposed deep learning approach can correctly classify bone age patterns for
the majority of input X-ray images. The proposed image classification approach has the
ability to efficiently classify bone ages in most of the given input images Precision
value, i.e., 82%. This indicates that, according to the system, bone age prediction cate-
gories that have been labeled are mostly correct, signifying that the system has few
false positives, as shown in Fig. 2.

100

Percentage (%)

20

0 - T
Accuracy Precision Recall F1-Score

Fig. 2. Performance Metrics of Bone Age Assessment Model
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5 Discussion

From the outcomes of the proposed bone age assessment system, the effectiveness of
integrating deep learning and statistical analysis for skeletal maturity evaluation can be
clearly observed. In the proposed system, bone age prediction from pediatric hand X-
ray images can be performed in a reliable manner compared to traditional manual
assessment methods. The automated approach helps reduce subjectivity in radiological
interpretation and improves consistency in bone age estimation using a convolutional
neural network—based analysis. These findings are consistent with previous studies that
have demonstrated the effectiveness of deep learning techniques for automated bone
age estimation from medical images [9], [10]. The performance of the deep learning
model demonstrates reliable prediction capability, achieving an accuracy of 82%,
precision of 82%, recall of 79%, and an Fl1-score of 81%. These evaluation metrics
indicate that the proposed system can effectively identify bone age patterns from
pediatric hand X-ray images while maintaining a balanced trade-off between precision
and recall. The results highlight the potential of deep learning models to support clinical
decision-making by providing consistent and reproducible bone age predictions.
Another important feature of the proposed system is its ability to provide contextual
interpretation of prediction results. The use of cubic spline interpolation and Gaussian
distribution-based percentile analysis enables the classification of bone development as
normal, delayed, or advanced relative to the patient’s chronological age. This statistical
analysis enhances the interpretability of the predicted bone age and provides additional
clinical insight into the skeletal growth status of pediatric patients.

6 Conclusion

This paper presented an automated framework for bone age assessment that utilizes
deep learning techniques to estimate skeletal maturity from pediatric hand—wrist
radiographs. The proposed system analyses radiographic features associated with bone
development stages and reduces reliance on traditional atlas-based assessment methods
such as the Greulich—Pyle and Tanner—Whitehouse approaches, which often require
expert interpretation and may introduce inter-observer variability. Experimental
evaluation of the proposed system demonstrated that the deep learning—based model
can effectively predict bone age from pediatric hand X-ray images, achieving an
accuracy of 82%, precision of 82%, recall of 79%, and an F1-score of 81%. These
results indicate that the proposed approach can support automated bone age estimation
and assist clinicians in evaluating skeletal maturity more consistently. The results
suggest that integrating deep learning—based prediction with statistical analysis
methods such as cubic spline interpolation and Gaussian distribution—based percentile
estimation can improve the interpretability of bone age predictions by categorizing
skeletal development as normal, delayed, or advanced relative to chronological age.
Future work may focus on improving prediction performance through the use of larger
datasets, advanced deep learning architectures, and multi-modal medical imaging
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techniques. Further research may also explore integrating the system into clinical
environments to support decision-making in pediatric growth assessment.
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