
Forensic Imaging 40 (2025) 200619 

A
2

Contents lists available at ScienceDirect

Forensic Imaging

journal homepage: www.sciencedirect.com/journal/forensic-imaging

Chronological age estimation for medico-legal expertise-based on
sternoclavicular joint CT images using a deep neural network
Chang Sun a,b, Yazdan Salimi b, Isaac Shiri b, Coraline Egger c, Pia Genet c,d, Habib Zaidi b,e,f,g ,∗,
Sana Boudabbous h

a Beijing University of Posts and Telecommunications, School of Information and Communication Engineering, 100876 Beijing, China
b Geneva University Hospital, Division of Nuclear Medicine and Molecular Imaging, CH-1211 Geneva, Switzerland
c University Center of Legal Medicine Geneva, Geneva University Hospital and University of Geneva, Rue Michel-Servet 1, 1211 Geneva, Switzerland
d University Center of Legal Medicine, Lausanne, Lausanne University Hospital and University of Lausanne, Chemin de la Vulliette 4, 1000 Lausanne, Switzerland
e Geneva University Neurocenter, Geneva University, Geneva, Switzerland
f Department of Nuclear Medicine and Molecular Imaging, University of Groningen, University Medical Center Groningen, Groningen, Netherlands
g Department of Nuclear Medicine, University of Southern Denmark, Odense, Denmark
h Geneva University Hospital, Division of Radiology, CH-1211, Geneva, Switzerland

A R T I C L E I N F O

Keywords:
Computed tomography
Age estimation
Deep learning
Age determination by skeleton
Sternoclavicular joints

A B S T R A C T

The aim of this study was to develop and validate fully automated deep learning models to estimate
chronological age from sternoclavicular CT images to help forensic age estimation and understand its
limitations. A total of 742 whole-body CT and 164 pediatric chest-abdomen-pelvis CT scans (age: 1–60y, 437 m
and 469f) were collected as a training dataset. A deep learning pipeline was implemented to segment the
clavicle volume of interest, train an age estimation model, and finally fine-tune the network. The predictive
performance of nine deep learning models was assessed and compared using 5-fold cross-validation. A transfer
learning experiment was designed to evaluate the generalizability of the pre-trained models, using a fine-
tuning group (age: 15–35y, 6 m and 4f) and a validation group (age: 16–35y, 6 m and 4f). Clinical age
assessment based on clavicle bone was conducted on 5 thorax CT scans (4 m and 1f, age: 16–32y) and 5
sternoclavicular joint CT scans (unknown age) by one radiologist and two forensic pathologists. The intra-
and inter-observer agreement of experts was assessed. A mean absolute error (MAE) of 4.23 ± 4.49 years,
an area under the receiver operating characteristic (AUC) of 0.99 for age classification (> 14 years and > 18
years) and an accuracy of 0.97 for classification of ossification stages were achieved in the cross-validation.
An MAE of 3.30 ± 3.58 years and an accuracy of 0.90 for ossification stage classification were achieved after
fine-tuning. The three experts disagreed on the images that met the diagnostic requirements in 2 cases. Intra-
observer agreement varied between experts. This study concluded that a fully automated deep neural network,
employing a transfer learning strategy, exhibits potential for estimating chronological age from clavicular CT
images.
1. Introduction

Age estimation plays a crucial role in various legal and social
decision-making processes, such as criminal and civil proceedings, po-
litical decisions, asylum procedures, and sports competitions. In many
countries, it is essential to demonstrate compliance with age limits
when making legal decisions regarding procedural privileges or social
benefits. In Switzerland, forensic pathologists conduct age estimation
in criminal cases under the authorization of the Juvenile Court or the
Public Prosecutor. They also perform these assessments in civil cases
upon request from the State Secretariat for Migration (SEM). The rise in

∗ Corresponding author at: Geneva University Hospital, Division of Nuclear Medicine and Molecular Imaging, CH-1211 Geneva, Switzerland.
E-mail address: habib.zaidi@hcuge.ch (H. Zaidi).

cross-border migration has resulted in a significant increase in the num-
ber of age estimations conducted by the SEM in Switzerland. In 2021,
528 age estimations were carried out, which is more than three times
the number conducted in 2019 [1]. With the increasing phenomenon
of migration, these assessments have become a more sensitive topic of
interest due to their complexity and policy implications.

Forensic age estimation expertise follows the three-pillar principle
recommended by the Arbeitsgemeinschaft für Forensische Altersdiag-
nostik (AGFAD) of the German Society of Legal Medicine [2–4]. These
pillars include a clinical examination to assess puberty development
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and identify factors that may affect bone and dental age (such as
llnesses, medication consumption, and malnutrition), a bone age es-

timation using X-rays of the hand and the wrist, and a dental age
estimation involving an OPG (orthopantomogram) along with eventu-
ally a dental clinical examination. In cases where hand ossification is
completed, it is recommended to conduct an additional CT examination
of sternoclavicular joints. The closure of the medical epiphyseal joints
of the clavicles occurs last among all the bones in the human body,
thus making them particularly significant for forensic age diagnosis.
Currently, the interpretation of the ossification status of the medial
clavicular epiphysis is based on a classification by stages (5 stages with
3 subgroups for 2 of the 5 stages) [5–10] conducted by specialists with
expertise and experience. However, it is worth noting that the literature
on this topic is subject to debate, as the bone age-related factors (such
as socioeconomic status) in the studied populations may not necessarily
correspond to the individuals examined in the specific expertise under
consideration, and the reproducibility of such examinations remains a
concern.

In recent years, numerous studies have explored deep learning (DL)-
ased approaches for age estimation using various imaging techniques,
ncluding X-ray radiography, CT, MRI, and ultrasound images of the
ooth, knee, wrist, and hand [11–16]. These fully automated or semi-

automated DL-based methods offer a number of advantages, including
high speed, reduced need for manual interpretation, and decreased hu-
man workload, thus enabling physicians to focus on rare and complex
cases. However, challenges associated with DL methods include limited
training samples, generalization to external datasets, and consistency
with expert diagnoses.

The aim of this study was to develop a fully automated DL method
or age estimation based on CT scans of the sternoclavicular joints

within the medico-legal expertise setting. In addition, the study aimed
to analyze the generalizability of the DL models through fine-tuning ex-
periments and to assess the intra-observer and inter-observer variability
of radiology and forensic pathology experts for ossification stage assess-
ments of the medial clavicular epiphysis based on sternoclavicular joint
CT images, and compare them with the fine-tuned DL model.

The main contributions of this work are as follows:
∙ To the best of our knowledge, this work is the first attempt to

develop an automatic deep learning pipeline to facilitate and assist age
estimation tasks based on clavicle CT images.

∙ We comprehensively collected CT images of individuals from
ifferent institutions with different voxel spacing to form a large dataset

to train robust pre-trained models. Nine typical DL models were trained
and compared.

∙ We performed a thorough evaluation of DL-based approaches
for age estimation, age classification and the classification for the
ossification stage of the medial clavicular epiphysis.

∙ We performed few-sample fine-tuning experiments on the pre-
rained models to better understand the impact of sample size for
ine-tuning on boosting prediction performance.

∙ We assessed the intra- and inter-observer reliability of three ex-
erts on 5 CT cases with standard protocol for bone age estimation
nd another 5 CT cases with slice thickness less than 1 mm, and then

compared the performance to DL-based approaches.
The structure of this paper is as follows. In Section 2, we review

tudies related to age estimation based on medical images. In Section 3,
we describe the details of building the CT dataset, the implementation
f DL-based age estimation based on sternoclavicular joint CT images
nd the design of experiments. In Section 4, we present and discuss the
xperimental results. In Section 5, we conclude this work, discuss the

limitations of this study and plans for future work.

2. Related work

This section presents a brief introduction to the development of
ge estimation approaches based on sternoclavicular joint CT images,
ge classification methods based on medial clavicular epiphysis and
L-based age estimation approaches using medical images.
 d

2 
2.1. Age estimation based on sternoclavicular joint CT images

In previous research on age estimation using medical clavicular epi-
physeal based on CT images, Toutin et al. [17] established a regression

odel between age and bone mineral density (BMD) of the medial end
of the clavicle and found MAE of 13.4 years for males and 13.1 years for
females on 180 individuals (age between 15 to 100 years), respectively.
Although this work revealed the correlation between BMD and bone
age, the age estimation accuracy was relatively low. On the other
hand, Shedge et al. [18] developed a regression model based on the
degree of ossification of the medial clavicular epiphyseal evaluated
by one observer on 350 Indian individuals (aged between 10.01 to
35.47 years), showing a MAE of 1.5 years and 1.1 years for male and
female, respectively. Despite the promising results, this method has a
shortage in under generalization and concerned reproducibility due to
rigorous data cleaning and manual evaluation by expert physicians.

2.2. Age classification based on medial clavicular epiphysis

For medico-legal applications, 18 is the threshold age for criminal
iability in many countries [19,20]. In some countries, children under

the age of 14 at the time of the offense cannot be held criminally
responsible and juveniles who commit crimes between the ages of
14 and 17 have more lenient sentences compared to adults [20]. In
previous studies, the medial clavicular epiphyseal fusion stage was used
to determine whether an individual is over the medicolegally critical
thresholds of 18 years. For example, individuals classified as stages 4
and 5 based on CT scans of the medial clavicle epiphysis were observed
to be above the age of 18 [21–24]. The reproducibility of staging
clavicular development of forensic experts is of utmost importance for
medical-legal age estimation applications. In addition to the utility of
the fusion stage, Scendoni et al. [25] established a logistic regression

odel to determine the cut-off point for 18 years using the two features
of MRI on medial clavicular epiphysis: REM-1 (ratio between the length
of the whole epiphysis and the length of the metaphysis) and REM-
2 (ratio between the length of epiphyseal-metaphyseal fusion and the
length of the metaphysis). However, many factors, such as socioeco-
nomic status [26,27] and nutritional status [28] are controversial issues
in the general topic of age assessment based on epiphyseal ossification.

2.3. DL-based age estimation using medical images

Compared with traditional methods, the DL-based approach is more
efficient, easier, faster, and cheaper because it is fully automated with
acceptable performance and does not require any manual interven-
tion. In recent years, a number of deep learning-based studies have
made successful attempts at age prediction using radiological images
f tooth [11,14], pelvis [15], cervical vertebral [16], knee [12] and

hand [13]. For example, Atas et al. [11] used typical DL models, such
as DenseNet [29] and MobileNetV2 [30], to estimate dental age from
ental panoramic radiography (DPR) images and a modified network
ased on InceptionV3 [31] achieved a MAE of 3.13 years (age: 8–68 y).
emircioglu et al. [12] trained a ResNet-34 neural network to predict

age from knee radiographs and achieved a MAE of less than one year
(age: <21 y) and an AUC of 0.94 in age classification (< 18y). Hui
et al. [13] developed a global-local feature fusion convolutional neural
etwork to estimate bone age from hand X-ray images and achieved
 MAE of less than one year (age: 4–18 y). Although deep learning
roved to be a powerful method for age estimation with promising
rediction accuracy, it is difficult to compare the performance of these

methods. First, the use of radiological images of different body parts has
 great impact on the prediction results of deep learning. In addition,
he number and age distribution of the training and test samples, the
ealth status of the participants, scanning modality and parameters will
ll affect the numerical results of the prediction effect, but they vary
n different studies. Another issue of concern is the implementability of

eep learning in clinical settings.
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Fig. 1. Datasets. (a) Flowchart summarizing the enrollment of subjects in this study protocol. (b) Histogram of the chronological age of all individuals in the training dataset for
cross validation. (c) Histogram of the chronological age of all individuals in HUG-20 cohort for transfer learning.
Table 1
Representation of the population group. Marker *: Real age estimation cases, chronological age unknown.

Name Acquisition date Manufacturer Modality Slice thickness (mm) Num of
parameters

Age range

FDG PET-CT 2014–2018 Siemens Biograph mCT Whole-body CT 0.70 – 2.50 40 11y–30y
Pediatric CT 2004–2009 GE Lightspeed VCT/

Somatom Definition
AS+/
GE Revolution

Pediatric chest-
abdomen-pelvis
CT

0.62 – 2.00 164 1y–16y

HUG-702 2018–2021 Siemens Biogragh mCT Whole-body CT 1.00 – 3.00 702 1y–60y
HUG-20 2010–2011 Discovery CT750 HD Thorax CT 0.60 – 1.00 20 14y–35y
HUG-5 2019–2021 Discovery CT750 HD Clavicle CT 0.30 – 0.63 5 *
3. Materials and methods

3.1. Datasets

This is a retrospective study performed in collaboration between
the radiology department of Geneva University Hospitals (HUG) and
the University Center of Legal Medicine, Lausanne - Geneva (CURML).
The project was approved by Geneva Canton ethical committee (CCER
ID 2017-00922). Informed consent was waived owing to the retrospec-
tive nature of the study. As shown in Table 1, two cohorts (18F-FDG
PET-CT [32–34] and pediatric CT [35,36]) including 204 individuals
from The Cancer Imaging Archive (TCIA), and three cohorts (HUG-
702, HUG-20 and HUG-5) including 752 individuals from HUG were
enrolled. Fig. 1(a) shows the enrollment flowchart. We constructed
a training dataset for cross-validation and building pre-trained mod-
els, a fine-tuning group and a validation group for transfer learning
experiments, and a testing dataset for radiological examination for
experts.

The training dataset contains 906 CT scans (437 males and 469
females, mean age: 36.7 ± 18.4 years) from three cohorts: FDG PET-CT,
pediatric CT and HUG-702 (Fig. 1(b)).

HUG-20 datasets (13 males and 7 females, mean age: 24.4 ±
6.1 years) were used for transfer learning experiments to test the
generalizability of the pre-trained DL models (Fig. 1(c)). The HUG-20
dataset was acquired by covering the sternoclavicular area for other
clinical indications other than forensic investigations and the patient
claimed age according to the identification card was trusted as the
chronological age. The acquisition and reconstruction parameters of
HUG-20 were close to the routine parameters for forensic imaging
in the HUG-5 dataset, however the average tube current was almost
double.
3 
HUG-5 (only males) were used for radiological examination con-
ducted by the experts and as a test group for our model after fine
tuning. HUG-5 dataset contains CT images acquired from cases referred
for bone ossification estimation from the forensic medicine department,
i.e., the protocol, acquisition, and reconstruction parameters were stan-
dardized for the specific aim of imaging which was bone age estimation.
The detailed acquisition parameters are listed in supplementary Table
S1.

3.2. Building and training networks

In this study, we map the CT images of the sternoclavicular joints
to the continuous age variable. First, we cropped the medial clavicular
epiphysis volume of interest (VOI) from clavicle bones. Then, we
trained DL models in an end-to-end manner to automatically estimate
the age of an individual from the VOI (Fig. 2).

In clavicle CT data, the left clavicle bones (closing to the me-
dial end) were automatically cropped using a DL-based segmentation
network based on a U-Net architecture [37]. The details of build-
ing and training the segmentation network are presented in the sup-
plementary Table S2. We investigated two types of high-performing
neural networks for age estimation: small models with fewer train-
ing parameters (ShuffleNet [38], ShuffleNet-V2 [39], MobileNet [40],
MobileNet-V2 [30]) and large models with more training parameters
(DenseNet121 [29], DenseNet169 [29], DenseNet201 [29], ResNet18
[41], and ResNet34 [41]). For each network, we performed 5-fold
cross-validation. First, we split the training data into 5 equal sets. Then
we trained a model on four sets and tested on the fifth set, which were
unknown data to the model as they were not used for training. This
process was repeated 5 times with a different set chosen for testing each
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Fig. 2. An integrated workflow diagram (providing an outline of the whole process).

time. Finally, we got 5 models and the testing performance on every
set. We averaged the testing results to get the final testing performance
of the network. Data augmentation (random rotation by 90 degrees)
was applied to all training samples. To adapt to the input size of the
networks, we changed the convolution layers, down-sampling layers,
and up-sampling layers to 3D implementation instead of 2D. In this
study, all the training processes were performed on a server equipped
with an NVIDIA GeForce GTX 2080Ti. The ShuffleNet and MobileNet
family were completed under the PyTorch framework [42], whereas
DenseNet and ResNet model family were retrieved from MONAI Model
Zoo [43]. We choose the ADAM optimizer [44] with a momentum of
0.9, an initial learning rate of 1e-4, and a batch size set to 2. The
networks were trained for a total of 100 epochs with the learning rate
decays by half every 50 epochs. We validate the training models every
two epochs and choose the model that had the best validation result as
the final trained model.

3.3. Transfer learning experiments

The aim of this experiment was to test the generalization ability of
pre-trained DL networks on new CT examples with acquisition parame-
ters different from the training dataset. We divided the HUG-20 cohort
into a fine-tuning group (10 cases) and a validation group (10 cases),
then we conducted 10 transfer learning experiments on pre-trained
MobileNet-V2 (from the small model family) and DenseNet169 (from
the big model family). The pre-trained models were built by training
on the whole training dataset using the above-mentioned parameters
(optimizer, learning rate, etc.).

In the transfer learning experiments, firstly, we separated 10 cases
randomly as the fixed validation group for fine-tuning evaluation on
all experiments (0 to 10) and then used numbers of the other 10
cases group for fine-tuning. Specifically, in Experiment-0, we directly
validated the pre-trained models on the validation group without any
4 
fine-tuning. In Experiment-1, 2, 3, 4, 5, 6, 7, 8, 9 and 10, we randomly
selected 1, 2, 3, 4, 5, 6, 7, 8, 9 and 10 samples from the fine-tuning
group, respectively, to fine-tune the pre-trained models and then tested
them on the validation group. In each experiment from 1 to 9, where
we had to choose a subset of data from 10 cases, we built 5 independent
models fine-tuned on different selected data, and then reported the
average testing results to avoid the randomness caused by the selection
of different fine-tuning data. We choose the ADAM optimizer [44] with
a momentum of 0.9, an initial learning rate of 1e-4, and a batch size
set to 2. The networks were fine-tuned for a total of 5 epochs.

3.4. Radiological examination by experts

The aim of this experiment was to assess the intra-observer and
inter-observer variability of the radiology and forensic pathology ex-
perts for ossification stage assessments of the medial clavicular epi-
physis based on sternoclavicular joint CT images, and compared them
with the fine-tuned DL model. Three experts were invited to participate
in this study, one radiologist with 17 years of experience, and 2 forensic
pathologists with 13 and 12 years of experience, respectively. The
experts were independently provided with the entire CT series of the
HUG-5 cohort and 5 cases of HUG-20 cohort and were asked to assess
the stages of epiphyseal union both in right and left clavicles for each
case in a blinded manner. To evaluate the intra-observer variability
of the experts, these 10 cases were duplicated as 20 cases in the
assessment, which the experts were not informed about.

3.5. Evaluation metrics

The age estimation performance was evaluated using four metrics:
mean absolute error (MAE), mean error (ME), mean squared error
(MSE), root mean square error (RMSE) and standard error of estimate
(SEE).

For medico-legal applications in Switzerland, the Juvenile Court
specifically handles criminal investigations involving individuals under
the age of 18 at the time of the offense [19]. Additionally, in some other
countries, the ages of 14 and 16 are also relevant for forensic applica-
tions [20]. To comprehensively assess the performance of deep learning
models in age classification, we analyzed their ability to distinguish
ages over 14, over 16, over 18, and over 30. We evaluated these models
using metrics, such as precision, recall, F1-score, accuracy, receiver
operating characteristic (ROC) curve, and area under the ROC curve
(AUC). The definitions of these metrics are explained as follows (taking
the classification of over 18 as an example, where correctly classified
adults are considered true positives).

∙ Precision refers to the proportion of correctly identified adults
among the subjects who were actually adults.

∙ Recall measures the proportion of actual adults correctly identified
by the model.

∙ F1-score represents the harmonic mean of precision and recall.
∙ Accuracy reflects the proportion of predictions that yield correct

results.
∙ ROC plots sensitivity (recall) against 1-specificity (the proportion

of actual minors identified as adults by the model) at different threshold
settings.

∙ AUC, the area under the ROC curve, indicates the quality of the
classifier, with a higher AUC indicating better performance.

Finally, 𝐴𝑐 𝑐 𝑢𝑟𝑎𝑐 𝑦𝑜𝑠𝑠 was used to analyze the classification perfor-
mance for the ossification stage of the medial clavicular epiphysis.
Based on the minimum and maximum ages of stages 1, 4, and 5 in the
Kellinghaus study [6], and the minimum and maximum ages of stages
2a, 2b, 2c, 3a, 3b, and 3c in the Kellinghaus study [5], we converted
the estimated and actual ages into estimated stages of ossification
(𝐸 𝑆 𝑂) and actual stages of ossification (𝐴𝑆 𝑂), respectively. Then we
calculated 𝐴𝑐 𝑐 𝑢𝑟𝑎𝑐 𝑦𝑜𝑠𝑠:
𝑆 𝑐 𝑜𝑟𝑒𝑜𝑠𝑠 =

{

1, 𝐸 𝑆 𝑂⋂

𝐴𝑆 𝑂 ≠ ∅
⋂ (1)
0, 𝐸 𝑆 𝑂 𝐴𝑆 𝑂 = ∅
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Table 2
MAE (in years) and standard deviation, Mean Error (in years) and standard deviation, MSE, RMSE (in years), SEE (in years),
and the number of parameters of the deep learning models trained during cross-validation for age estimation.

Models MAE ME MSE RMSE SEE Number of parameters

ShuffleNet 5.81 ± 5.45 0.10 ± 7.97 63.53 7.97 7.98 0.94M
ShuffleNet-V2 6.56 ± 6.02 0.95 ± 8.85 79.29 8.90 8.91 1.30M
MobileNet 6.40 ± 6.42 −0.06 ± 9.06 82.16 9.06 9.07 3.30M
MobileNet-V2 4.74 ± 4.93 −0.48 ± 6.82 46.79 6.84 6.85 2.35M
DenseNet121 4.23 ± 4.49 0.16 ± 6.17 38.09 6.17 6.18 11.24M
DenseNet169 4.29 ± 4.58 0.02 ± 6.27 39.35 6.27 6.28 18.54M
DenseNet201 4.25 ± 4.48 0.31 ± 6.17 38.21 6.18 6.19 25.33M
ResNet18 4.88 ± 4.87 −0.17 ± 6.89 47.49 6.89 6.90 33.16M
ResNet34 4.78 ± 4.85 −0.06 ± 6.81 46.40 6.81 6.82 63.47M
Table 3
Precision, recall, F1 score and accuracy of the models trained during cross-validation for age classification.

Model < 14 and ≥ 14 years Model < 16 and ≥ 16 years

Precision Recall F1 Accuracy Precision Recall F1 Accuracy

ShuffleNet 0.9523 0.9866 0.9691 0.9482 ShuffleNet 0.9463 0.9890 0.9672 0.9460
ShuffleNet-V2 0.9320 0.9893 0.9598 0.9316 ShuffleNet-V2 0.9197 0.9890 0.9531 0.9217
MobileNet 0.9518 0.9773 0.9644 0.9405 MobileNet 0.9402 0.9699 0.9548 0.9261
MobileNet-V2 0.9813 0.9826 0.9820 0.9702 MobileNet-V2 0.9784 0.9918 0.9850 0.9757
DenseNet121 0.9748 0.9826 0.9787 0.9647 DenseNet121 0.9677 0.9863 0.9769 0.9625
DenseNet169 0.9788 0.9866 0.9827 0.9713 DenseNet169 0.9757 0.9890 0.9823 0.9713
DenseNet201 0.9723 0.9840 0.9781 0.9636 DenseNet201 0.9729 0.9849 0.9789 0.9658
ResNet18 0.9583 0.9826 0.9703 0.9504 ResNet18 0.9588 0.9890 0.9737 0.9570
ResNet34 0.9683 0.9799 0.9741 0.9570 ResNet34 0.9703 0.9849 0.9776 0.9636

Model < 18 and ≥ 18 years Model < 30 and ≥ 30 years

Precision Recall F1 Accuracy Precision Recall F1 Accuracy

ShuffleNet 0.9383 0.9383 0.9622 0.9394 ShuffleNet 0.9280 0.9806 0.9536 0.9350
ShuffleNet-V2 0.9067 0.9873 0.9453 0.9107 ShuffleNet-V2 0.9009 0.9854 0.9413 0.9162
MobileNet 0.9339 0.9760 0.9545 0.9272 MobileNet 0.9012 0.9741 0.9362 0.9096
MobileNet-V2 0.9630 0.9915 0.9771 0.9636 MobileNet-V2 0.9439 0.9806 0.9619 0.9471
DenseNet121 0.9696 0.9887 0.9791 0.9669 DenseNet121 0.9429 0.9887 0.9652 0.9515
DenseNet169 0.9682 0.9887 0.9887 0.9658 DenseNet169 0.9501 0.9854 0.9674 0.9548
DenseNet201 0.9682 0.9887 0.9784 0.9658 DenseNet201 0.9563 0.9903 0.9730 0.9625
ResNet18 0.9552 0.9915 0.9730 0.9570 ResNet18 0.9459 0.9903 0.9676 0.9548
ResNet34 0.9644 0.9929 0.9785 0.9658 ResNet34 0.9430 0.9903 0.9661 0.9526
o
t
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m
o

Table 4
𝐴𝑐 𝑐 𝑢𝑟𝑎𝑐 𝑦𝑜𝑠𝑠 of all tested models during cross-validation on the whole dataset,
male, female individuals and patients with ages between 15 to 30 for ossification
stage classification.

Models All
patients

Male
patients

Female
patients

Age between
15y to 30y

ShuffleNet 0.9305 0.9130 0.9468 0.7589
ShuffleNet-V2 0.8975 0.8650 0.9277 0.6786
MobileNet 0.9118 0.8970 0.9255 0.6607
MobileNet-V2 0.9636 0.9474 0.9787 0.8482
DenseNet121 0.9669 0.9588 0.9745 0.8839
DenseNet169 0.9735 0.9703 0.9766 0.9018
DenseNet201 0.9669 0.9588 0.9745 0.8482
ResNet18 0.9559 0.9405 0.9702 0.8393
ResNet34 0.9603 0.9474 0.9723 0.8304

𝐴𝑐 𝑐 𝑢𝑟𝑎𝑐 𝑦𝑜𝑠𝑠 =
∑ 𝑆 𝑐 𝑜𝑟𝑒𝑜𝑠𝑠

𝑛
(2)

The estimate was accurate if there was an overlap in the stage of
ssification between 𝐸 𝑆 𝑂 and 𝐴𝑆 𝑂.

4. Results

4.1. Cross-validation performance

Cross-validation results showed that the DenseNet family outper-
ormed other models with MAE ranging between 4.2 years and 4.3
ears, and RMSE and SEE ranging between 6.1 years and 6.3 years

(Table 2). MobileNet-V2 achieved the best balance between model size
5 
and performance. The mean error (bias, incorporating the direction
f the error) of all models ranged from −1 to 1 year, indicating that
hey did not overestimate or underestimate age in the whole dataset.

Figs. 3(a) and 3(b) depict the correlations and differences between
the actual chronological age and the predict age. A good correlation
coefficient (𝑅2=0.8871) was observed on DenseNet121.

For age classification, all DL models achieved AUC>0.9 on all age
classification, especially, DenseNet169 achieved AUC=0.9945 for ma-
jority age classification, with precision=0.9682, recall=0.9887 (Table 3,
Fig. 4). For classification of ossification stages of the medial clavicular
epiphysis, Table 4 shows the 𝐴𝑐 𝑐 𝑢𝑟𝑎𝑐 𝑦𝑜𝑠𝑠 of DL models on the whole
dataset, males, females, and individuals aged between 15 to 30 years.
All models had 𝐴𝑐 𝑐 𝑢𝑟𝑎𝑐 𝑦𝑜𝑠𝑠 >86% on both male and female individu-
als. Especially, DenseNet169 had the highest 𝐴𝑐 𝑐 𝑢𝑟𝑎𝑐 𝑦𝑜𝑠𝑠 achieving a
value of 97% (whole dataset), 97% (males), 98% (females), 90% (age
between 15 to 30).

4.2. Performance on transfer learning experiments

Table 5 shows that there was an upward trend in the perfor-
mance of DL models as more and more fine-tuned samples were in-
luded. For MobileNet-V2, Experiment-9 achieved the best performance
n all metrics with MAE of 4.3 years. For DenseNet169, the perfor-
ance of Experiment-10 was superior to other experiments with MAE

f 3.3 years. Particularly, the MAE decreased by a factor of 2 for
MobileNet-V2 (from 16.5 to 8.3 years) and from 16.8 to 6.8 years
for DenseNet169 by using one fine-tuning sample for transfer learning
(Experiment-1), demonstrating the power of pre-trained networks and
transfer learning strategies. Furthermore, fine-tuning the pre-trained
DenseNet169 network using 10 samples allows for a MAE of 3.3 years
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Fig. 3. Visualization results of the deep learning models trained during cross-validation. (a) Linear regression plots of actual age versus predicted age. (b) Bland-Altman plots show
the difference between the estimated age of deep learning models and the ground truth age in cross-validation. The straight line marks bias whereas the dotted lines represent
the 95% limits of agreement interval (bias±1.96×standard deviation).
for the external dataset, which is comparable to the results for the
internal dataset (5-fold cross-validation). The MAE after fine-tuning
was less than the MAE of the general model trained on 906 cases. One
6 
potential reason could be the better image quality we had in HUG-20
dataset. We used transfer learning since the number of high-quality
images with the desired acquisition parameters were limited.
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Fig. 4. ROC curves for separating the age groups < 14 and ≥ 14 years, < 16 and ≥ 16 years, < 18 and ≥ 18 years, and < 30 and ≥ 30 years of the deep learning models trained
during cross-validation,.
Table 5
MAE (in years) and standard deviation, Mean Error (in years) and standard deviation, MSE, RMSE (in years), SEE (in years) and
𝐴𝑐 𝑐 𝑢𝑟𝑎𝑐 𝑦𝑜𝑠𝑠 of MobileNet-V2 and DenseNet169 in the transfer learning experiments.

Models Experiments MAE ME MSE RMSE SEE 𝐴𝑐 𝑐 𝑢𝑟𝑎𝑐 𝑦𝑜𝑠𝑠

MobileNet-V2

Experiment-0 16.50 ± 7.94 12.50 ± 13.38 335.30 18.31 20.47 0.50
Experiment-1 8.28 ± 7.42 −0.52 ± 11.11 123.60 11.12 11.35 0.60
Experiment-2 6.72 ± 5.75 −1.68 ± 8.68 78.20 8.84 9.03 0.70
Experiment-3 5.92 ± 5.38 −1.72 ± 7.82 64.04 8.00 8.17 0.80
Experiment-4 6.00 ± 5.60 −2.68 ± 7.76 67.40 8.21 8.38 0.80
Experiment-5 5.44 ± 4.89 −1.20 ± 7.22 53.52 7.32 7.47 0.80
Experiment-6 5.14 ± 4.71 −0.18 ± 6.97 48.58 6.97 7.11 0.80
Experiment-7 4.62 ± 4.83 −0.58 ± 6.66 44.66 6.68 6.82 0.80
Experiment-8 4.94 ± 4.60 −2.22 ± 6.38 45.58 6.75 6.89 0.80
Experiment-9 4.36 ± 4.29 0.00 ± 6.12 37.44 6.12 6.25 0.80
Experiment-10 4.90 ± 5.75 −2.70 ± 7.06 57.10 7.56 8.45 0.70

DenseNet169

Experiment-0 16.80 ± 4.19 14.40 ± 9.61 299.80 17.31 19.36 0.50
Experiment-1 6.80 ± 5.40 4.12 ± 7.64 75.40 8.68 8.86 0.90
Experiment-2 5.34 ± 5.18 0.78 ± 7.40 55.34 7.44 7.59 0.80
Experiment-3 5.28 ± 4.85 1.04 ± 7.09 51.40 7.17 7.32 0.80
Experiment-4 4.66 ± 4.18 0.26 ± 6.25 39.18 6.26 6.33 0.80
Experiment-5 4.90 ± 4.26 1.78 ± 6.25 42.18 6.49 6.63 0.90
Experiment-6 4.22 ± 4.44 −1.18 ± 6.01 37.50 6.12 6.25 0.80
Experiment-7 4.12 ± 4.33 −0.76 ± 5.92 35.68 5.97 6.10 0.80
Experiment-8 4.14 ± 3.60 −0.78 ± 5.43 30.10 5.49 5.60 0.90
Experiment-9 3.78 ± 3.72 −0.74 ± 5.25 28.10 5.30 5.41 0.90
Experiment-10 3.30 ± 3.58 −0.70 ± 4.82 23.70 4.87 5.44 0.90
Table 6
Ossification stage classification results of three experts and DenseNet169. The marker ‘‘*’’ indicates that this case is
uninterpretable for the expert. Cases with Case ID 1 to 5 come from the HUG-20 cohort. Cases with Case ID 6 to 10
come from the HUG-5 cohort. The first (left) and second (right) parenthesis show the physician decision on the 1st and 2nd
review. (Left 1st/Right 1st) (Left 2nd/Right 2nd). The staging results of DL were derived from the predicted age of fine-tuned
DenseNet169 based on the minimum and maximum ages of stages 1, 4, and 5 in the Kellinghaus study [6], and the minimum
and maximum ages of stages 2a, 2b, 2c, 3a, 3b, and 3c in the Kellinghaus study [5]. The staging results of Ground truth are
also transformed from the actual age in the same way.

Case ID Observer #1 Observer #2 Observer #3 DL Ground truth

1 (5/5)(5/5) (4/4)(4/4) (4/4)(4/4) 3b/3c/4 4/5
2 (3a/3c)(3a/3c) (3c/3c)(*/*) (*/*)(*/*) 2a/2b/2c/3a/3b/3c 2a/2b/2c/3a/3b
3 (5/5)(5/5) (3c/3c)(4/*) (3c/*)(4/*) 4/5 4/5
4 (3a/3b)(3a/3b) (3c/3b)(3b/3b) (3b/3b)(3b/3b) 3b/3c/4 2a/2b/2c/3a/3b/3c
5 (2b/3a)(2b/3a) (3a/3a)(3a/3a) (3a/3a)(3a/3a) 2a/2b/2c/3a/3b 1/2a/2b/2c/3a
6 (3c/3c)(3c/3c) (3c/3c)(3c/3c) (3c/3c)(3c/3c) 3b/3c/4 –
7 (4/5)(4/5) (3c/3c)(3c/3c) (3c/3c)(3c/3c) 2a/2b/2c/3a/3b –
8 (3a/3a)(3a/3a) (3a/3a)(3a/3a) (3a/3a)(3a/3a) 3b/3c/4 –
9 (4/4)(3c/4) (3c/3c)(3c/3c) (3c/3c)(3c/3c) 2a/2b/2c/3a/3b –
10 (5/5)(5/5) (3c/3c)(3c/3c) (3c/3c)(3c/3c) 3b/3c/4 –
4.3. Performance on real age estimation cases

Table 6 shows the results of three experts and DenseNet169 for
the determination of the ossifications stage on 10 cases. The results
of experts are presented as ‘‘(right clavicle in the first estimation/left
7 
clavicle in the first estimation) (right clavicle in the second estima-
tion/left clavicle in the second estimation)’’. It can be seen that the
reproducibility of Observer #1 is relatively high, but Observer #2 and
#3 have a low reproducibility between the first and second estimation.
The three experts did not agree on the images that met the diagnostic
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requirements. Moreover, the first and second evaluations also showed
inconsistent staging results. Some cases were interpretable for Observer
#1 and Observer #2 in the first assessment but uninterpretable in
the second assessment. Compared with the ground truth, Observer
#1, #2 and #3 achieved an 𝐴𝑐 𝑐 𝑢𝑟𝑎𝑐 𝑦𝑜𝑠𝑠 of 100%/100%, 60%/80%,
60%/80% in the first/second assessment, respectively. DenseNet169
achieved 100% of 𝐴𝑐 𝑐 𝑢𝑟𝑎𝑐 𝑦𝑜𝑠𝑠.

5. Conclusion

To the best of our knowledge, this work is the first attempt to
se deep learning to facilitate and to assist the age estimation task
ased on clavicle CT, making them fully automated, more accurate and
ore robust. Our model showed high prediction performance and could
otentially be included as a reference to help radiologists and forensic
athologists to make decisions. A potential risk of using the pre-trained
eep learning method is that the model might overfit the training data.
ence, we recommend using a fine-tuning strategy to mitigate the
roblem. The study’s results could provide insights into the usefulness
f DL methods in age assessment and contribute to the development
f more accurate and reliable age estimation techniques. This study
nherently bears several limitations: (1) Imbalanced classes: minors
nd adults do not make up an equal portion of the training dataset,
.e., the portion of minors is 21.8%, whereas the portion of subjects
ged between 13 and 25 years is 11.8%. Hence, DL models cannot rec-
gnize data from minority classes easily. However, in the medico-legal
etting, the classification of asylum seekers without valid identification
ocuments is a challenge that requires careful consideration by legal
uthorities to prevent the misclassification of minors as adults. To solve
his problem in the future, more sophisticated DL techniques can be
tilized to address the class imbalance data problem. (2) In transfer
earning experiments, the testing cohort was from the same institution
s the training dataset, and the testing sample size was relatively small.
o evaluate and improve the robustness of the model, more subjects
rom other institutions are needed. (3) The subjects from the real cases
f age estimation are only males; however, all civil case requests were
ale in our practice. (4) Small sample size for radiological examination.

5) The 5 thorax CT cases from HUG-20 used for evaluating the intra-
observer and inter-observer reproducibility are not specific to evaluate
the development status of the clavicle, even if the slice thickness is less
than 1 mm and the reconstruction kernel is almost the same as HUG-5.

In the future, more advanced networks can be tested in our proposed
orkflow to fully exploit the potential of the deep learning models. At

he same time, the way to comprehensively evaluate the uncertainty of
eep learning methods in forensic age estimation is also an important
nd promising research topic.
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