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ASSESSING A CHILD'S BONE AGE USING DEEP LEARNING
ON HAND X-RAY IMAGES

Intriduction. Assessing children’'s bone age is essential for detecting growth and
developmental disorders. By comparing bone age to chronological age, physicians can
identify deviations and diagnose issues.

Methods. In this study, we used a neural network model to predict the bone age of
children based on X-ray images of their hands.

Results. The effectiveness of such application of the model is demonstrated in
comparison with the average error results on the validation dataset.

Conclusions.Ourstudy has demonstrated that the DenseNet169 architecture, when
integrated with patient gender information, can effectively predict bone age from X-ray
images, yielding competitive results compared to established models like Milvue. We hope
this approach will significantly improve prediction accuracy and provide deeper insights
into bone development. By focusing on critical anatomical regions and integrating relevant
clinical data, we aim to set new standards in automated bone age assessment, ultimately
benefiting pediatric healthcare.

Keywords: DenseNet169, Bone Age Assessment, X-ray Image Analysis, Statistical
Estimation.

Introduction

Assessing children's bone age is essential for detecting growth and developmental
disorders (Greulich, & Pyle, 1959). By comparing bone age to chronological age,
physicians can identify deviations and diagnose issues. Hand X-ray analysis is a key
tool in this process, offering a clear view of bone development. Automating this
assessment using neural networks improves accuracy and objectivity, reducing
human error (Lindner et al., 2020). In this study, we propose and evaluate a neural
network model trained on X-ray images, using mean absolute error as the metric.
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Recent advances in deep learning for predicting bone age have gained attention
due to their potential to automate and enhance accuracy in pediatric diagnostics
(Lindner et al., 2020; Jabbar, & Abdulmunem, 2023). Studies have shown the
effectiveness of convolutional neural networks (CNNs) in this domain (Tan, & Le,
2020; Huang et al., 2017). The RSNA Bone Age Challenge provided a large dataset,
benchmarking models like ResNet and DenseNet for bone age prediction (RSNA
Bone Age Competition Dataset: https://www.kaggle.com/kmader/rsna-bone-age).
DenseNet169, in particular, improves accuracy by incorporating patient data like
gender (Huang et al., 2017).

Data augmentation techniques, such as scaling, rotation, and flipping, have been
crucial in addressing image variability and preventing overfitting (Shorten, &
Khoshgoftaar, 2019). Including clinical features like gender further refines predictions
by accounting for biological differences in bone development (Jabbar, & Abdulmunem,
2023). Fine-tuning pre-trained models on medical datasets, such as ImageNet, enhances
performance and reduces computational demands (Tan, & Le, 2020).

Overall, the combination of deep learning architectures with large datasets
positions automated bone age estimation as a reliable tool in pediatric healthcare.
These advancements have the potential to surpass traditional methods in speed and
accuracy, making them valuable in clinical applications.

Methods

Model Architecture and Methodology. In this study, a transfer learning model
based on DenseNet169 was used for bone age assessment (Huang et al., 2017). The
model was adapted to work with X-ray images of hands and patient gender
information. In addition to the image, to enhance the accuracy of age prediction,
additional input—patient gender information—was included. This information is
first converted into numerical format and passed through a separate fully connected
layer with 32 neurons and a ReL U activation function.

The extracted features from DenseNet169 and the gender information are then
combined and passed through two fully connected layers with 512 and 256 neurons
respectively, before reaching the output layer with a single neuron and a linear
activation function, which predicts the age in months.

Data set's structure and properties. The RSNA Bone Age dataset (RSNA Bone Age
Competition Dataset: https://www.kaggle.comvkmader/rsna-bone-age) contained
12,606 X-ray images of hands with images distribution by children age (Fig. 1). The
dataset was divided into two independent groups: 90 % for model training and 10 % for
testing. The convolutional neural network DenseNet169 was employed for predicting
bone age as this model type is designed to perform image classification (Densely
Connected Convolutional Networks: https://arxiv.org/abs/1608.06993), Skeletal
Development of the Hand and Wrist (Greulich, & Pyle, 1959).

To further enhance the model's quality and address a wide range of potential
image imperfections, various data augmentation techniques were meticulously
applied (Shorten, & Khoshgoftaar, 2019; Jabbar, & Abdulmunem, 2023). These
imperfections, which could include issues such as dark or underexposed images,
misaligned or inverted images, and varying lighting conditions, have the potential to
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negatively impact the accuracy of the model. By applying data augmentation, we
aimed to simulate a broader variety of scenarios that the model might encounter in
real-world applications, thus improving its robustness and adaptability.
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Fig. 1. Age category distribution

The data augmentation process involved a series of carefully selected image
transformations, such as scaling, shifting, rotation, zooming, and horizontal flipping.
Each of these transformations plays a crucial role in increasing the diversity of the
training data, which in turn helps to prevent overfitting — a common issue in deep
learning models where the model performs well on the training data but poorly on
unseen data. By exposing the model to a wider variety of augmented images, we
aimed to enhance its ability to generalize across different imaging conditions and
patient populations.

For the purpose of maintaining consistency in the input data, all X-ray images
were uniformly scaled to a resolution of 500x500 pixels. This standardization
ensures that the model processes each image with the same level of detail, which is
critical for extracting consistent features across the entire dataset. Additionally, to
further diversify the training data, transformations such as random rotation and
horizontal flipping were repeatedly applied, creating a more comprehensive set of
input images for the model to learn from (Alhassan, & Mumuni, 2022).

In addition to image augmentation, the age data was normalized to ensure that the
model could efficiently learn from it without being biased by the absolute scale of
the values. Gender information, another crucial input feature, was carefully
converted into a binary format, allowing the model to seamlessly integrate this
categorical data alongside the numerical image data during training. This
combination of data augmentation and careful preprocessing contributed
significantly to the model's ability to learn effectively from the available data,
ultimately improving its performance in predicting bone age (Fig. 2).
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Fig. 2. Example of a training batch

Two CSV tables were prepared for the RSNA Bone Age dataset: one for the
training set and one for the test set. These tables contain the following information:

* ID: A unique identifier for the X-ray image.

* BoneAge: The bone age in months, as determined by radiologists.

* Gender: The gender of the child ("1" denotes boys, "0" — girls).

Training and Evaluation. The model was trained using the L1 Loss function,
which measures the absolute differences between predicted and actual values. The
Adam optimizer, known for its efficiency in providing adaptive learning rates, was
employed during the training process. The model was trained for 100 epochs, where
an epoch refers to a complete pass through the entire training dataset. The primary
evaluation metric was L1 Loss, calculated on both the training and validation sets.
After 100 epochs, the model achieved a Mean Absolute Distance (MAD) of 5.2
months on the validation set, indicating reliable predictions for unseen X-ray images.
To monitor the optimization of the model's parameters, we tracked the loss function
throughout the training process. Fig. 3 illustrates the convergence of the loss
function, showing a consistent decrease over time, which indicates effective learning
by the model. Additionally, testing on a holdout test set confirmed that the model
generalizes well, providing similar MAD values (Fig. 5), where the actual values
versus predicted values on the validation dataset are shown.

Results

Throughout our research, we conducted a comprehensive comparative analysis
between our neural network model and the well-known French model, Milvue (Milvue,
n. d.), using a robust set of clinical data. The analysis focused on X-ray images of the
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hands, which represent one of the most reliable and widely used methods for assessing
bone age in both clinical and research settings. The hands contain numerous bones at
various stages of development, making them an ideal site for examining skeletal growth
and maturity, which is particularly relevant in pediatric assessments.
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Fig. 3. Loss depending on the eras

Our findings showed that the L1 Loss for the Milvue model was 9.6 months, while
our model achieved an L1 Loss of 11.2 months. Although this 1.6-month difference
indicates that our model's accuracy is slightly lower, it is crucial to highlight that the
difference is relatively minor. Additionally, our model achieved a Mean Absolute
Distance (MAD) of 5.2 months on the validation set, indicating reliable predictions for
unseen X-ray images. The performance of our model falls well within the expected
range, particularly when considering results from the RSNA Bone Age test set. This
demonstrates that despite the slight discrepancy in accuracy, our model is still highly
capable of delivering reliable and clinically useful predictions.

The graph below provides a visual representation of the comparison between the
two models. The X-axis represents the actual chronological age of the patients, while
the Y-axis indicates the predicted age as calculated by the models. In the graph,
predictions made by our model are illustrated in blue, while those made by the
Milvue model are shown in red (Fig. 4-5).

This visual comparison shows that both models perform consistently across
various age groups, reinforcing the clinical utility of our model. The higher L1 Loss
in our model highlights areas for improvement, particularly in image preprocessing
and focusing on growth zones, which are essential for understanding skeletal
maturity. Our analysis reveals opportunities for enhancement. We plan to integrate a
more advanced architecture focused on regions of interest to prioritize the most
informative parts of the images for improved precision in bone age predictions.
Additionally, we will implement a dual-model approach: one model will segment
growth zones, while the other will predict age based on information from these
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regions. We will test this new architecture on the same dataset as our initial model to
ensure comparable results and validate its effectiveness with real clinical data. In
conclusion, our model shows competitive performance and potential for
development. By refining the architecture and targeting key anatomical regions, we
aim to achieve greater accuracy in bone age assessment.
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Fig. 4. Comparison our model with Milvie model.
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Fig. 5. Actual values versus predicted on validation dataset

Discussion and conclusions

Our study has demonstrated that the DenseNet169 architecture, when integrated
with patient gender information, can effectively predict bone age from X-ray images,
yielding competitive results compared to established models like Milvue (Milvue, n.d.).
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While our model had a slightly higher L1 Loss compared to Milvue, the difference
was minimal, underscoring the robustness of our model for clinical use. On the
validation set of the RSNA dataset, we achieved a MAD of 5.2 months. To further
improve prediction accuracy, we plan to implement a more advanced architecture
that focuses on regions of interest, particularly growth zones. This approach will
involve using a combination of models: one for segmenting growth zones and
another for predicting age based on these segments. We believe this will enhance the
precision of our analysis and improve the accuracy of bone age prediction. The new
architecture will be tested on the same dataset as our original model to ensure
comparability and will also be validated on real clinical data for practical application.
We hope this approach will significantly improve prediction accuracy and provide
deeper insights into bone development. In conclusion, our research highlights the
importance of continually refining deep learning models in medical imaging. By
focusing on critical anatomical regions and integrating relevant clinical data, we aim
to set new standards in automated bone age assessment, ultimately benefiting
pediatric healthcare.

Authors' contribution: Ivan Riabko — software, writing, original draft, methodology; Andrii Terets —
software, methodology, validation; Stanislav Riebienkov — conceptualization, methodology, formal
analysis; Sergiy Radchenko — writing, review & editing.
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MPOTHO3YBAHHA KICTKOBOI'O BIKY AITEH
3A 10IIOMOT'010 NIMBOKOTI'O HABYAHHA
HA OCHOBI PEHTTEHIBCbKHMX 3HIMKIB KUCTEH PYK

BcTyn. Yyvomy docaidxnceHHi po3po61eHo Modesasb Ha OCHO8I HelipOHHOT Mepedici 0151
npozHo3yeaHHs 6iKy Kicmok y dimell, BUKOpUcmog8y4u peHmzaeHiecbKi 3HIMKU IXHIX pYK.
Mema po6omu noasizana 8 po3po6yi ma oyiHoeaHHi edhekmusHocmi makoi modesi 01
nideuujeHHs1 mo4Hocmi diazHocmuKu 8 nediampii.

MeTtoau. /Jaa docicHeHHAa Yyiei mMemu Gy/n0 8uKopucmaHo nidxid nepeHeceHHs
Hags4aHHsA Ha ocHosi apximekmypu DenseNet169, sikuii 00380.15€ 06p06.11Mu 306paAHCEHHS
pyk ma dodamkogy iHopmayito npo cmame nayienma. Memoduka eKaw4aaa
Macwuma6yeaHHs1 306padiceHb o po3mipy 500x500 nikcesis, Hopmasi3ayilo daHux 8iKy ma
nepemeopeHHs iHhopmayii npo cmame y 6inapHuii hopmam. /[as nidsuwyeHHs ssKocmi
Modesi 6y/10 3acmoco8aHo memoodu po3wupeHHs1 0aHUX, Maki sIK macuma6yeaHHs,
noeopom, 3MiWeHHs ma 20pu3oHMa/abHe 6idd3epkaseHHsA 306padiceHs. Kpim moeo,
Modesb Gyna 000Npayb08aHA UWLISIXOM BK/1I04eHHSI 000amKOo8UX NOBHICMIO 38's3aHUX
wapis 0151 NOKpawjeHHs1 NPO2HO3Y8AHHA 8IKY.

PesysnabTaTu. OmpumaHi pe3yssmamu noKasaau, wo cepeoHs a6GCoAI0MHA
noxu6ka (MAE) modeni cmanosuaa 6,506 micsiyie, ujo cgid4ums npo 8ucoKy 30amuicms do
Yy3az2a/bHeHHS ma adeKeamHe Npucmocy8aHHs 0o HO8UX OAHUX.

By cH o BKU. [[pakmuy4Ha yiHHicmb Yiei po6omu nois2a€ 8 momy, ujo Moaoes1b Modice
6ymu ediekmueHO 8UKopucmaHa y nediampuyHiii diazHocmuyi 0151 a8mMomamu308aH020
B8U3HAYeHHs 8iKy KICMOK, ujo 3Ha4HO cnpowye ma npucKkoploe yeii npoyec.

Kinw4yoBi ciaoBa: DenseNet169, npo2HO3y8aHHs 6IKY KICMOK, peHmM2eHi8cuKi
3HIMKU, cmamucmuyHe OyiHI08AHHA.

Agtopu L. Psioko, A. Teperp Ta C. PeOeHKOB 3asBISIIOTH PO BIICYTHICTH KOHQIIIKTY iHTepeciB. BinmoBinanpHuit
penaktop C. PamueHko 3asiBIIs€ MPO BiCyTHICTh KOH(MIIIKTY iHTEpECiB Ta HEBTPYYaHHS B MPOLIEC OL[iHIOBAHHS L€l
CTaTTi BIAMOBIZAHO 10 MDKHApOAHUX CTaHIApTiB myOmikamiiinoi etnku. CrioHcopy He Opaiy ydacTi B po3poOIeHHi
JIOCIT/DKEHHS; Y 300pi, aHauTi31 UM IHTeprpeTalii JaHuX; y HAlMCaHHI PYKOIMCY; B PIlIEHH] PO IyOIIiKaIlilo pe3ysIbTaTiB.
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