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Objective: To train a U- Net model to segment the intact pulp cavity of first molars and estab-
lish a reliable mathematical model for age estimation.
Methods: We trained a U- Net model by 20 sets of cone- beam CT images and this model was 
able to segment the intact pulp cavity of first molars. Utilizing this model, 239 maxillary first 
molars and 234 mandibular first molars from 142 males and 135 females aged 15–69 years old 
were segmented and the intact pulp cavity volumes were calculated, followed by logarithmic 
regression analysis to establish the mathematical model with age as the dependent variable 
and pulp cavity volume as the independent variable. Another 256 first molars were collected 
to estimate ages with the established model. Mean absolute error and root mean square error 
between the actual and the estimated ages were used to assess the precision and accuracy of 
the model.
Results: The dice similarity coefficient of the U- Net model was 95.6%. The established age 
estimation model was  Age = 148.671− 30.262× lnV   (V is the intact pulp cavity volume of the 
first molars). The coefficient of determination (R2), mean absolute error and root mean square 
error were 0.662, 6.72 years, and 8.26 years, respectively.
Conclusion: The trained U- Net model can accurately segment pulp cavity of the first molars 
from three- dimensional cone- beam CT images. The segmented pulp cavity volumes could be 
used to estimate the human ages with reasonable precision and accuracy.
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Introduction

Age is a crucial feature in the biological profile recon-
struction and personal identification in forensic 
sciences.1,2 Teeth are among the most reliable tools in 
the process of identification because dental tissue is 

the hardest and the most durable part of the human 
body resistant to destruction when one encounters 
mass disaster or natural calamity, especially the burned, 
decomposed and severely traumatized case.3 Another 
reason that supports teeth provide the most reliable 
guide to age estimation is age- related change of the 
pulp volume. After the tooth root is fully developed, 
secondary dentin deposits on the inner side of the pulp 
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wall with age. This process is lifelong and causes a reduc-
tion of pulp cavity.4 Therefore, indicators related to pulp 
cavity are considered as a predictor for age estimation.

Dental radiographical examination, which comple-
ments the visual examination of dental tissue, is a non- 
destructive and cost- efficient method and appropriate to 
be utilized for age estimation,5 when comparing to time- 
consuming and destructive histological or biochemical 
methods which requires sophisticated laboratory equip-
ment and tooth extraction. In 1961, Philippas firstly 
studied the correlation between secondary dentin and 
chromosomal age by periapical radiograph.6 There-
after, the coronal pulp cavity index was introduced by 
Ikeda et al in 19857 and has been used for age estima-
tion till now.8–10 Some other parameters of dental tissues 
such as pulp/tooth length ratio and pulp/tooth area 
ratio were calculated for age estimation by using two- 
dimensional images such as panoramic radiograph and 
periapical radiograph.11,12 However, secondary dentin 
formation is a morphologic change in three dimensions 
that cannot easily be captured through conventional 
two- dimensional X- ray imaging. With the advent of 
cone- beam computed tomography (CBCT) and the 
optimization of image analysis software, researchers 
began to choose three- dimensional (3D) images for 
age estimation. Andrade et al extracted the pulp cavity 
volume of central incisors and canines from CBCT 
images to certify the correlation between age and pulp 
cavity volume.13 The monoradicular teeth such as inci-
sors, canines and maxillary second premolars were also 
used for age estimation by Kazmi et al, Yang et al and in 
some other studies.14–16 However, studies on multiradic-
ular teeth such as the first molar are rare because of the 
complexity and diversity of the root canal system.

The first molar is the earliest permanent tooth to 
erupt and should be a suitable for age estimation in 
forensic odontology. In 2015, Ge et al firstly calculated 
pulp chamber volumes of first molars using a 3D image 
semi- automatic segmenting and voxel- counting soft-
ware ITK- SNAP and established a method used for 
human age estimation.17 Further, Zheng et al developed 
an automatic segmentation method by integrating deep 
learning and level set to segment the pulp chamber of 
first molars from CBCT images and estimated ages 
by calculating pulp chamber volumes.18 These studies 
were only limited to the volume of pulp chamber, not 
the volume of the intact pulp cavity containing pulp 
chamber and root canals, which may degrade the esti-
mation accuracy. In other words, it has not been conclu-
sively clarified whether the volume of the root pulp 
yields any additional benefit for the accuracy of age 
estimation.

With convolutional neural networks outperforming 
the state of the art in many visual recognition tasks, 
deep convolutional neural networks, level set and 
other advanced artificial intelligence are applied in 
stomatology.19–23 Among them, U- Net architecture 
achieves very good performance on different biomed-
ical segmentation applications through very few images 
relying on an elastic deformation- based data augmenta-
tion strategy.24–26 Some precedents have used U- Net to 
segment tooth and pulp tissue and demonstrated that it 
can fast and accurately extract pulp.26,27

Above all, the overall aim of this study was to develop 
a mathematical model for age estimation with the intact 
pulp cavity volume of first molars segmented by U- Net 
and to investigate if  the model is accurate enough to 
estimate human age. The hypothesis was that the estab-
lished model was good enough for the estimation of 
human age.

Materials and method

Training data acquisition
In this study, 20 sets of CBCT image data were collected 
for U- Net training from the database of Peking Univer-
sity School and Hospital of Stomatology. All the CBCT 
images were acquired using NewTom VG (Quantita-
tive Radiology, Verona, Italy) and reconstructed with a 
voxel size of 0.15 mm. The image acquisition parame-
ters were: tube voltage 110 kVp, tube current 2–16mAs, 
the field of views (FOVs) 6× 6 cm, 8×8 cm, 12× 8 cm or 
15× 15 cm in accordance with patient figure and clinical 
needs. After being reconstructed with a voxel size of 
0.15 mm, the acquired images were exported as DICOM 
data sets.

The inclusion criteria of first molars were: no caries, 
no dental restorations, no artifacts due to metal restor-
ative materials present in adjacent teeth or orthodontic 
appliances, no pulp calcification, no taurodontism, no 
anomaly, no excessive tooth wear and no severe peri-
odontal disease. To specify the extent of “excessive tooth 

Table 1 Smith and Knight tooth wear index

Score Tooth surface Criteria

0 B/L/O/I No loss of enamel surface characteristics

C No loss of contour

1 B/L/O/I Loss of enamel surface characteristics

C Minimal loss of contour

2 B/L/O/ Loss of enamel exposing dentine for less 
than one third of surface

I Loss of enamel just exposing dentine

C Defect less than 1 mm deep

3 B/L/O/ Loss of enamel exposing dentine for more 
than one third of surface

I Loss of enamel and substantial loss of 
dentine

C Defect less than 1–2 mm deep

4 B/L/O/ Complete enamel loss- pulp exposure- 
secondary dentine exposure

I Pulp exposure or exposure of secondary 
dentine

C Defect more than 2 mm deep- pulp 
exposure of secondary dentine exposure
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wear”, we borrowed the Smith and Knight’s tooth wear 
index (TWI, Table  1)28 and the results from the tooth 
wear epidemiological investigation in Chinese popula-
tion.29 The tooth with TWI ≤2 before 50 years and TWI 
≤3 after 50 years was included. To specify the extent of 
“severe periodontal disease”, we borrowed the new clas-
sification of periodontitis in 2018.30 A tooth with stage 
≤3 was included.

Preprocessing and annotation
The CBCT image DICOM data sets was imported into 
an image processing and 3D reconstruction software 
Dragonfly (v. 2021.1.0.977, Objects Research Systems, 
Montreal, Canada) for pre- processing and annotation.

To reduce the amount of calculated data, the voxel 
gray gradient of CBCT images were normalized into 
[0, 1] through linear transformation. The probability 
distribution map of the voxel color gradient is shown 
in Figure  1(a and b). Since this study focused on the 
segmentation of pulp cavity of first molars, the region 
of interest was cropped into nearly a smallest region 
only containing the complete first molar, as shown in 
Figure 1(c).

To acquire gold- standard labels, every slice of these 
20 CBCT data sets was manually annotated into two 
different classes, pulp and the rest of tooth tissue, as 
shown in Figure 1(d). Manual annotation was finished 
by an oral and maxillofacial radiologist.

Data augmentation
All frames were performed with data augmentation. 
Data were augmented 10 times, including flipping hori-
zontally and vertically, rotating maximum 20 degrees, 
shearing maximum 2 degrees, scaling 90–110% and 
brightness 0.10–2. Therefore, the quantity of annotated 
slices increased 10- fold (10,480 in total). Then, 80% of 
these data was used as the training data set to train the 
U- Net model, and the rest 20% was used for validation 
to determine the optimal model.

U-Net architecture
In this study, we employed a U- Net network that was 
embedded in Dragonfly. A schematic overview of the 
U- Net network is presented in Figure 2. This network 
is a symmetrical architecture with a contracting path 
(the right part) to capture context and an expanding 
path (the left part) that enables precise localization. As 
the typical architecture of a convolutional network, the 
contracting path consists of the repeated application of 
two 3 × 3 convolutions (unpadded convolutions), each 
followed by a 2 × 2 max pooling operation for downs-
ampling. At each downsampling step, the number of 
feature channels was doubled. Every step in the expan-
sive path consists of an upsampling of the feature map 
followed by a 2 × 2 convolution (up- convolution) that 
halves the number of feature channels, a concatenation 
with the correspondingly cropped feature map from 
the contracting path, and two 3 × 3 convolutions, each 
followed by a rectified linear unit. At the final layer, a 
1 × 1 convolution is used to map feature vectors to the 
desired number of classes.

Figure 1 The work flow of U- net training and pulp cavity segmentation. (a) The original DICOM data sets was imported into Dragonfly. (b) 
The voxel color gradient of CBCT images were normalized into [0, 1]. (c) The region of interest was cropped into nearly a smallest region only 
containing the complete first molar. (d) Slices of every CBCT data set from the sagittal plane as input frames and manually annotate pulp and 
the rest of tooth tissue as two different classes in every frame. (e) The annotated images were performed by data augmentation and input into the 
U- Net for encoding (downsampling) and decoding (upsampling) to accomplish training. (f) The trained U- Net output segmented images. (g) An 
example of the segmentation result.

Figure 2 A schematic overview of the U- Net network.
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U-Net training
The training is conducted with 100 epochs, however, it 
stops if  there is no improvement in “value loss” for 10 
consecutive epochs. Training parameters were: patch 
size = (64, 64, 1), stride ratio = 0.25, batch size = 256. 
For more detailed information, please refer to the 
previous study.31

In dragonfly, dice Loss function ( Ldice ) was used to 
evaluate the performance of the trained U- Net.
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segmentation masks.
Furthermore, to investigate the difference between 

the automatic segmentation and manual segmenta-
tion, another 40 samples aged from 15 to 69 years old 
complying with the aforementioned inclusion criteria 
were randomly selected and segmented by the trained 
U- Net and two examiners who were familiar with 
anatomy and had been taught how to use the software. 
After a 2- week interval, one of the examiners segmented 
the pulp cavity again.

Mathematical model establishment
The study was approved by the Institutional Review 
Board, and the requirement for written informed 
consent was waived. We retrospectively collected CBCT 
images from the database of Peking University School 
and Hospital of Stomatology.

CBCT images of 239 maxillary first molars and 234 
mandibular first molars from 142 males and 135 females 
aged 15–69 years old were included according to the 
inclusion criteria and regarded as the modeling group. 
All molars were divided into six groups according to 
age. The distribution of males and females, left side and 
right side, maxillary and mandibular first molars and 
the mandibular first molars with a distolingual (DL) 
root in each age group are shown in Table 2.

All these CBCT images were obtained with the 
CBCT unit NewTom VG (Quantitative Radiology, 
Verona, Italy) and reconstructed with a voxel size of 

0.15 mm. All these images were from the Chinese popu-
lation and the image acquisition parameters were: tube 
voltage 110 kVp, tube current 4.19–125.32 mAs, FOVs 
6×6 cm, 8×8 cm, 12×8 cm or 15×15 cm in accordance 
with patient figure and clinical needs. After being recon-
structed with a voxel size of 0.15 mm, the acquired 
images were exported as DICOM data sets.

Then, apply the trained U- Net and export the intact 
pulp volume (mm3) of all samples based on that volume 
equals the voxel value multiplied by the number of 
voxels.

Logarithmic regression analysis was performed by 
IBM SPSS Statistics 26.0.0.0 (SPSS, IBM, Chicago, IL) 
with the volume calculated from the pulp cavity segmen-
tation model as a predictor and age as the dependent 
variable to establish a mathematical model for age 
estimation.

Method validation
Another CBCT images of 128 maxillary first molars 
and 128 mandibular first molars from 42 females and 
54 males aged 15–69 years old were collected from the 
database of Peking University School and Hospital of 
Stomatology with the same criteria. All samples were 
also from the Chinese population and regarded as the 
validation group to calculate the precision and accuracy 
of the mathematical model. The distribution of males 
and females, left side and right side, maxillary and 
mandibular first molars and the mandibular first molars 
with a distolingual root in each age group are shown in 
Table 3.

After the procedure of segmentation, the volumes 
of these samples were obtained. Taking the numerical 
value of first molars in the validation group into the 
mathematical model, we obtained these samples’ esti-
mated age.

Statistical analysis
Intraclass correlation coefficients (ICCs) was used to 
evaluate the manual segmentation agreements with-
in(intra-) and between(inter-) observers. ICC values and 
their 95% confidence intervals were calculated based 
on the guideline.32 The ICC values were interpreted as 

Table 2 The number of males and females, maxillary and mandibular first molars, the mandibular first molars with a distolingual root in each 
age group from the modeling group

Age (year) Males Females
Maxillary first 

molars
Mandibular first 

molars
Mandibular first molars with 

a DL root Right first molars
Left first 
molars

15–20 19 21 37 38 7 42 33

21–30 30 29 55 52 17 60 47

31–40 29 27 53 50 17 63 40

41–50 27 27 48 43 14 39 52

51–60 25 17 26 30 8 27 29

61–69 12 14 20 21 4 18 23

Total 142 135 239 234 67 249 224

DL, distolingual.
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poor (<0.50), moderate (0.50–0.75), good (0.75–0.90), 
or excellent (>0.90) in agreement.

To investigate the volume difference between the 
automatic and manual segmentation, paired t- test was 
performed on the 40 samples. A p- value of 0.05 or 
less was considered significantly different. In addition, 
Bland–Altman analysis was also used for the evaluation 
of the volume difference.

To investigate whether gender, tooth location (loca-
tion in the maxilla or mandible, location on the right or 
left side) and the development with or without a disto-
lingual root have an impact on the accuracy of age esti-
mation, multivariant analysis of variance (MANOVA) 
was performed for the modeling group. The factor has 
an impact on the volume of pulp cavity when p < 0.05.

Mean absolute error (MAE) and root mean square 
error (RMSE) between the actual age and estimated age 
were used to validate the precision and accuracy of the 
established age estimation model.

Results

The dice loss function revealed that dice similarity coef-
ficient (DSC) of the trained U- Net model was 95.6%. 
Automatic segmentation took only 13–33 s while manual 
segmentation needs 15–25 min. This demonstrates that 
automatic segmentation is much faster than manual 
segmentation.

The ICC value for the intraobserver agreement was 
consistently high (ICC = 0.992), so was the ICC for 
interobservers (ICC = 0.944). The paired t- test demon-
strated that there was no significant difference between 
the manually and automatically segmented volumes 
(p = 0.214). The Bland–Altman analysis indicates the 
volume differences between the automatic and manual 
segmentations of the pulp cavities (Figure  3). 37 out 
of 40 points were within the 95% limits of agreement. 
Thus, automatic segmentation is accurate and feasible 
in practical application.

The pulp cavity volumes of first molars in the modeling 
group ranged from 10.89 to 90.48 mm3 with the mean value 
= 43.09 mm3 and the standard deviation = 16.03 mm3. The 
distribution of volumes in each age group of model estab-
lishment and model validation is shown in Figure 4.

The scatter diagram of logarithmic regression anal-
ysis for all first molars in the model establishment group 
shows the relationship between the pulp volumes and 
ages in Figure 5.

Age estimation mathematical models by logarithmic 
regression analysis for the modeling group was

 Age = 148.671− 30.262× lnV   

 V   was the pulp cavity volume.
Plots of actual ages vs estimated ages calculated by 

the above mathematical model in the validation group 
are shown in Figure 6. The scatter is evenly distributed 
on both sides of the diagonal line, which demonstrated 
that calculation errors had an even distribution.

There was no significant difference for gender (p = 
0.773), location in the maxilla or mandible (p = 0.286), 
location on the right side or left side (p = 0.209) and 
mandibular first molar with or without a distolingual 
root (p = 0.131).

Table 3 The number of males and females, maxillary and mandibular first molars and the mandibular first molars with a distolingual root in 
each age group from the validation group

Age (year) Males Females
Maxillary first 

molars
Mandibular first 

molars
Mandibular first mo-
lars with a DL root

Right first 
molars Left first molars

15–20 8 5 20 21 4 10 15

21–30 12 13 42 38 9 22 25

31–40 14 14 35 32 13 19 33

41–50 10 4 18 17 8 13 14

51–60 6 3 5 9 5 2 4

61–69 4 3 8 11 1 6 8

Total 54 42 128 128 40 72 99

DL, distolingual.

Figure 3 Differences of pulp cavity volumes obtained from auto-
matic and manual segmentation against mean pulp cavity volumes 
obtained from automatic and manual segmentation. A, automatic 
segmentation; M, manual segmentation; SD, standard deviation.
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MAE and RMSE for all molars in each age group are 
shown in Table 4.

Discussion

This study demonstrates that pulp cavity volume from 
the first molar can be used for age estimation and gives a 
relatively high correlation between estimated and actual 
ages (R2 = 0.662) when comparing with the sole use of 
pulp chamber volumes.17,18 This result indirectly indi-
cates that the trained U- net model is accurate enough 
for the segmentation of pulp cavity.

Compared with studies by Ge et al and Zheng et al 
in which only pulp chamber volume was employed,17,18 

this study employed the full volume of pulp cavity 
containing not only the pulp chamber but also the root 
canals. The root canals in molars are difficult to segment 
manually due to the diversity of root canal morphology, 
calcification of root canals in old people and software 
inefficiency. These make manual segmentation of molar 
root canal time- consuming and inaccurate. It is worth 
noting that the subjects used for model establishment 
in the present study were the same as those used in 
the study by Ge et al. Thus, the results from these two 
studies can be used for direct comparison and the results 
are favorable for the age estimation model from a full 
volume of the pulp cavity.

Gender and tooth location may play a role in age 
estimation by using teeth, which was confirmed by the 
previous studies from the same samples used in the 
study.17 However, after analysis of MANOVA, the differ-
ence between genders or tooth locations (right and left 
side, mandible and maxilla) was not statistically signifi-
cant. In addition, the existence of a distolingual root for 
the mandibular molar didn’t influence age estimation 
in spite that the prevalence of the distolingual root is 
26.98% ~ 33.75% in Chinese population.33,34 This finding 

Figure 4 The distribution of volumes in each age group of the mode-
ling group and the validation group.

Figure 5 The scatter diagram of logarithmic regression analysis for 
the modeling group shows the relationship between pulp volumes and 
ages.

Figure 6 Plots of actual age versus estimated age for the validation 
group.

Table 4 MAE and RMSE for each age group from the validation 
group

Age group (year) MAE (year) RMSE (year)

15–20 5.01 6.37

21–30 6.71 8.30

31–40 7.57 8.97

41–50 6.64 8.15

51–60 6.12 7.40

61–69 8.14 9.78

All teeth 6.72 8.26

MAE, mean absolute error; RMSE, root mean square error.
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greatly improves the simplicity of practical application. 
Based on this finding, age can be estimated just using a 
universal mathematical model especially when gender, 
tooth location and the development of the distolingual 
root are unknown. In fact, the remains of the unknown 
deceased individuals are usually fragmentary, and 
gender and even tooth positions could not be attested.

Due to the complexity of root canal system in multi-
radicular teeth, many studies focused on monoradicular 
tooth or only the pulp chamber of molars.13–16 Among the 
multiple studies involving monoradicular teeth, canine 
was found to be the least correlated (Kazmi et al. R2 = 
0.33 for canine, Haghanifar et al. R²=0.392 for maxil-
lary canine, Molina et al. R2 = 0.010) .2,14,35 This may be 
attributed to the fact that canines are only responsible 
for tearing food, not for grinding, so the age- related 
change of pulp cavity volume is small. Incisors have a 
relatively high correlation (Molina et al. R2 = 0.167–
0.366 for upper and lower incisors, Asif  et al. R²=0.78 
for maxillary central incisors).2,36 Ge et al compared 13 
types of teeth including all maxillary and mandibular 
monoradicular teeth and the first and second molars. 
They found that the correlation of monoradicular teeth 
was lower than that of molars (R2 = 0.108–0.344 for all 
monoradicular teeth, R2 = 0.434–0.498 for molars).37 
The R2 obtained in this study was also higher than 
that of the aforementioned monoradicular teeth, so we 
believe that the estimated age using multiradicular teeth 
is higher than that of monoradicular teeth.

Pulp- to- tooth ratio (PTR) has been assessed 
frequently in the previous studies for age estimation.2,15,36 
The correlation between PTR and chronological age, 
however, varies considerably with a R2 from 0.108 to 
0.70.38 This indicates that PTR is not good enough for 
dental age estimation and may attributes bias from 
different types of tooth used. The present study gives 
a R2 of 0.662 and if  considering the R2 of 0.56417 and 
R2 of 0.5239 from the previous studies in which volume 
of molar pulp chamber is used for age estimation, the 
volume of molar pulp cavity may be a remarkable 
index for age estimation. The reason may be in follows. 
First, the age- related formation of secondary dentine 
is directly related to the decrease of pulp cavity volume 
while the volume of an entire tooth is mainly affected 
by the attrition of enamel, which may be closely related 
to eating habit. Thus, PTR may not reflect the real 
change from secondary dentin apposition. Second, the 
pulp volume calculation is more accurately segmented 
than the whole tooth volume due to high image contrast 
between dentin and pulp, low image contrast between 
enamel and tooth sockect.40

To evaluate the segmentation result of the trained 
U- Net, two metrics were used. The first one is DSC, 
a widely used metric and loss function for biomedical 
image segmentation due to its robustness to class imbal-
ance and demonstrates good performance of the trained 

U- Net. However, DSC has the shortcoming of overcon-
fident prediction that cannot be usefully interpreted in 
clinical practice.41 Therefore, paired t- test and Bland–
Altman analysis were introduced as the second metric. 
By comparing the volumes of another 40 samples 
between the manual and automatic segmentations, the 
reliability of the trained U- Net to segment the pulp was 
further confirmed.

There are limitations to this study. First, only first 
molars were included but they are more likely to abrade 
and lost with age. Consequently, premolars and anterior 
teeth should also be taken into account to increase the 
accuracy of age estimation. Secondly, when checking 
segmentation results, the investigators found that 
segmentation was coarse in old age groups. So, more 
state- of- the- art net architectures such as Swin Trans-
former42 and DeepLab43 and imaging post- processing 
techniques may be helpful to obtain an optimal segmen-
tation model without further manual correction.

Conclusion

This U- Net can be used to accurately segment the intact 
pulp cavity of first molars. The intact pulp cavity of 
multiradicular first molars is a good index for human 
age estimation with reasonable precision and accuracy 
without considering factors such as gender, tooth loca-
tion and the distolingual root.
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