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ABSTRACT

Chronological age and biological sex estimation are two key tasks in a variety of procedures, including human
identification and migration control. Issues such as these have led to the development of both semiautomatic
and automatic prediction models, but the former are expensive in terms of time and human resources, while
the latter lack the interpretability required to be applicable in real-life scenarios. This paper therefore proposes
a new, fully automatic methodology for the estimation of age and sex. This first applies a tooth detection by
means of a modified CNN with the objective of extracting the oriented bounding boxes of each tooth. Then,
it feeds the image features inside the tooth boxes into a second CNN module designed to produce per-tooth
age and sex probability distributions. The method then adopts an uncertainty-aware policy to aggregate these
estimated distributions. Our approach yielded a lower mean absolute error than any other previously described,
at 0.97 years. The accuracy of the sex classification was 91.82%, confirming the suitability of the teeth for
this purpose. The proposed model also allows analyses of age and sex estimations on every tooth, enabling
experts to identify the most relevant for each task or population cohort or to detect potential developmental
problems. In conclusion, the performance of the method in both age and sex predictions is excellent and has
a high degree of interpretability, making it suitable for use in a wide range of application scenarios.

1. Introduction

Chronological age predictions are also used daily in legal proceed-
ings where the birth date of the subject involved cannot be verified due

Along with race, chronological age and biological sex are the most to either the absence or the limited reliability of their documentation.

important human features examined in anthropological and forensic
studies [1]. In archaeology, estimations of these features are fundamen-
tal to not only reconstructing the demographics of earlier populations,
but also their way of life and environment. In forensic human identifica-
tion, meanwhile, information of an individual’s age and sex is crucial to
simplifying further enquiries, such as time-consuming searches of DNA
databases, leading to a notable increase in the speed at which this data
can be obtained.

This issue may arise in relation to migration-control policies or in trials
involving individuals without any documentation, as the legislation in
most countries makes the identification of legal age a crucial task. It
is also important in adoption proceedings concerning undocumented
children. Indeed, in all these cases, a somatic maturity examination
carried out by an expert is required.

The developmental status of bones has been employed success-
fully in estimations of both age and sex, and is the only available
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methodology in examinations of archaeological remains or corpses that
have sustained significant damage. Many skeletal elements are used to
these ends, including the pubic symphysis, auricular surface and sternal
ribs for age estimation [2], and the hip bone [3], the bones of the
hands and feet [4] and the scapula [5] to determine sex. Nonetheless,
it should be noted that there is no current methodology based on
bone development that outperforms any others systematically, as the
outcomes of each of them depend on a wide variety of factors. For
instance, there are specific age prediction methods for subadults and
others that work better in adults [6]. Similarly, sex estimation works
better in adults, because dimorphic skeletal indicators do not develop
until after puberty [6].

The body part most in use in the field of age prediction field is the
dentition. The composition of the teeth (and, specifically, the enamel)
makes them the most resistant part of the skeleton. This enables them
to resist extreme conditions like very high temperatures, meaning they
can be preserved for thousands of years. Although tooth development
is guided by both genetic and environmental factors, dental minerali-
sation is reportedly less affected than bone mineralisation, causing it to
be regarded as a better indicator of chronological age [7].

Although the potential of the dentition to estimate biological sex is
more limited than that of other skeletal parts, the teeth are still used in
cases where they are the only available remains or as a complement
to other methods [8]. Specifically, the canines are reported to be
the most dimorphic [9], although other teeth also show significant
differences [10]. In that respect, the mandible bone has been proven
to have a greater dimorphism than any individual tooth [11,12].

X-ray-based imaging techniques took the field a step forward, since
they allowed clinicians to assess bone development in situ, using less
invasive and faster procedures, and thus enabled them to perform
chronological age estimation. In this regard, age prediction from dental
radiographic images involves the evaluation of a variety of indicators,
as reported in [13]. This includes the formation of the jaw bones and
some characteristics of dental evolution, for example, the degree of
crown and root completion, the measurement of open apices, or the
third molar development and topography of the third molar.

It is worth noting that dental panoramic radiographs (orthopanto-
mograms or OPGs) are the least invasive radiological technique for
estimating age and sex, as only a single image is required to capture
the complete dentition. Other bone structures are also valuable for
additional examinations that may be required, including the mandible,
the nasal fossa, and the vertebrae.

This paper proposes a new method for predicting age and sex. This
relies on deep learning techniques to detect the bounding box of each
tooth, with its orientation taken into account. Then, the identified tooth
features are reused to estimate the age and sex probability distributions
for each tooth. Finally, an uncertainty-aware policy is employed to
aggregate these distributions.

2. Related work

Automatic methods for tooth identification using dental images
have been approached in various ways. The first ones were aimed
at human identification using bitewing images, and conducted tooth
detection via the recognition of gaps between the lower and upper jaws
and between consecutive teeth, normally by calculating integral projec-
tions [14]. However, the most successful methodologies in recent years
have used OPGs in methods based on deep learning, more specifically,
Convolutional Neural Networks (CNNs). In this regard, the available
research has approached the problem from three different angles, as
seen in Table 1: (1) localisation — estimation of tooth bounding boxes;
(2) segmentation — extraction of tooth mask; and (3) classification —
prediction of tooth type or numbering.

Oktay et al. [15] proposed the use of a simple AlexNet to perform
both tooth localisation and classification, while successive studies relied
on more complex architectures such as Faster R-CNN [18,21,26] or
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(a) Standard bounding boxes

(b) Oriented bounding boxes

Fig. 1. Comparison of standard (a) and oriented (b) bounding boxes. In the former,
there is an obviously greater overlap between neighbouring teeth, which is particularly
noticeable in the posterior teeth.

centre-based tooth detectors [27]. In relation to tooth segmentation,
Silva et al. [16] and Koch et al. [19] initially tackled this by targeting
the dental mask as a whole via the Mask R-CNN and U-Net architec-
tures, respectively. This approach was refined by Jader et al. [17] and
Lee et al. [24] to perform instance segmentation, i.e., obtaining the
individual mask for each tooth.

The datasets used to validate these methodologies vary in size,
with the largest containing 1574 OPGs [18]. However, the one used
the most is that compiled by Silva et al. [16], which comprises 1500
images [16,17,19]. The research also vary regarding the ages of the
population samples. Indeed, although all the works used OPGs of adult
subjects with a fully developed dentition, only a small subgroup of
studies included images from children with a deciduous or mixed
dentition [16,17,19], and none of these conducted tooth numbering.
Certainly, it seems remarkable that in the investigation by Silva et al.
they even discarded images belonging to children, though these were
available [21].

The studies available conducted tooth localisation using standard
bounding boxes, i.e., with rectangles parallel to the x-y axes. This
makes box representation simpler — only four coordinates are required
— and also means it is easier to implement detection steps like the
Region of Interest (ROI) Pooling operation in Faster R-CNN architec-
tures. However, for tooth localisation purposes, this can cause a high
degree of overlap between adjacent boxes if the contained teeth are
significantly rotated, as shown in Fig. 1. Moreover, standard bounding
boxes do not provide data on the tooth aspect ratio (width-height ratio)
or its orientation, which is nonetheless valuable information in fields
like paediatric dentistry.

More recently, a number of new, fully automatic methodologies to
estimate age and sex from OPGs have been proposed (Table 2), most of
which are based on deep learning techniques. The available studies on
age estimation have different objectives: staging specific teeth [28-30];
numeric age regression [31-35]; age group classification [36]; and legal
age classification [37]. The methodologies developed are based on two
different principles. In some research, the authors proposed restricting
age estimations to image crops or segmentations belonging to a specific
tooth or group of teeth [22,28-31]. In these scenarios, the step for
detecting these teeth was carried out manually [22,28,29], semiauto-
matically [31], or automatically [30]. Other studies proposed one-step
pipelines to estimate chronological age directly from a raw image, with
no intermediate stages [32-35,37]. Regardless of the method adopted,
all these authors agreed that age estimation from OPGs is only feasible
during the tooth development period.

Automatic sex estimation methodologies using OPGs are rarer, and
all of them adopt the same approach: an end-to-end CNN to make
predictions directly from images [38-41]. Although the obtained accu-
racy varied in these studies, it remained above 90% for subjects older
than 16. The performance was reportedly worse when younger subjects
were included in the samples, especially for those younger than 8 [41].
The almost complete absence of dimorphic skeletal indicators before
puberty, as well as the significant tooth development activity at that
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Table 1
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Main deep learning methods for tooth detection/segmentation in OPG. Loc.: localisation; Seg.: segmentation; Class.: classification; T: tooth type;

I: individual tooth; Dent.: dentition; C: children; A: adult.

Work Loc. Seg. Class. Dent. Method #Images
T 1 C A
Oktay [15] v X v X X v Modified AlexNet 100
Silva [16] X v X X v v Mask R-CNN 1,500
Jader [17] v v X X v v Mask R-CNN 1,500
Tuzoff [18] v X v v X v Faster R-CNN + VGG-16 1,574
Koch [19] X v X X v v U-Net 1,500
Leite [20] v v X X X v Deeplab-v3 + FCN-ResNet101 153
Silva [21] v v v v X v PANet 543
Kim [22] v X v v X v Faster R-CNN + Heuristics 303
Muramatsu [23] v X v X X v DetectNet + ResNet50 100
Lee [24] v v X X X v Mask R-CNN 50
Muresan [25] v v X X X v ERFNet + Histogram classification 1,000
Mahdi [26] v X v v X v Faster R-CNN + Heuristics 1,000
Chung [27] v X v v X v Center detector + Bbox regressor 818
Ours v X v v v v Rotated R-CNN 1,746

aThe result is an oriented bounding box.

Table 2

Main automatic methods for age/sex estimation from OPG. DSC: development stage classification; NA: numeric age; AGC: age group classification; LAD: legal

age determination; BSC: binary sex classification.

Work Method Required teeth? Age Target
De Tobel [28] AlexNet 38 - DSC
Cular [31] Active Appearance Model+ Radial Basis Network 48 10-25 NA
De Back [32] Bayesian CNN - 5-25 NA
Merdietio [29] DenseNet201° 38 - DSC
Age Banar [30] YOLO-like CNN + U-Net+ DenseNet201 38 7-24 DSC
Vila-Blanco [33] Two-path CNN - 5-89 NA
Kim [36] ResNet152° 18, 28, 38, 48 - AGC
Wallraff [34] ResNet18 - 11-20 NA
Hou [35] PC-DARTS-based CNN - 0-93 NA
Guo [37] SE-ResNet101 - 5-24 LAD
1lié [38] VGG-16 - - BSC
Sex Milosevié [39] VGG-16 - 19-85 BSC
Ke [40] Multi-Feature Fusion Model - 16-70 BSC
Vila-Blanco [41] Two-path CNN - 5-90 BSC

4FDI notation.
PThis method requires an initial manual crop of the regions of interest.

age, hinder the capacity to identify sexually dimorphic features in im-
ages belonging to children and, as a consequence, the sex classification
process.

There are noticeable differences in the proposed automatic age
and sex prediction methodologies regarding their interpretability and
potential value. Age prediction approaches to third molar staging are
easy to understand, since the steps proposed are based on well-known
scoring systems that rely on particular tooth characteristics [28]. How-
ever, these do require the presence of this tooth and are therefore
only useful for estimating age in the period when the third molar
develops. On the other hand, the methods for predicting the numeric
age or binary sex directly from raw images are particularly valuable,
because of the very accurate estimations they produce. Moreover, they
do not require the presence of specific teeth and, as a consequence,
are applicable in a wider range of age cohorts. Although the heatmaps
provided in some of the studies reflect the attention behaviour of
these methodologies [33,39], the models’ interpretability nonetheless
lags well behind that of their traditional manual and semiautomatic
counterparts, ultimately hindering their potential applications.

3. Materials and methods

A dataset of 1746 OPGs collected with a direct digital panoramic
unit (Orthophos Plus DS; Sirona USA, Charlotte, NC) was provided by
the School of Medicine and Dentistry, Universidade de Santiago de
Compostela (Spain) for use in this study. The image collection protocol
was approved by the institution’s ethics committee and followed the

requirements of the 1964 Declaration of Helsinki and its later amend-
ments [42]. This included the complete anonymisation of the images,
with data on the chronological age (calculated as the days elapsed
between the birth date and the image acquisition date) and sex of
each subject being the only information retained. No exclusion criteria
were set for the image collection process. In terms of the database
demographics, the number of female and male images was almost the
same for every age group, as seen in Table 3. To ensure a good balance
between developing and fully developed dentitions, a similar quantity
of subjects younger and older than 20 was included.

All the radiographs used in the study were greyscale JPEG images
with a depth of 8 bits. The image width varied from 2,700 to 3,200
pixels, but all of them were 1552 pixels high. The image annotation
procedure was carried out by two trained and previously calibrated
experts using the Labelbox platform [43]. This involved tracing the
oriented bounding box of each tooth, preserving its natural orientation,
as shown in Fig. 1(b).

Due to the properties of an OPG’s geometry, the maxillary teeth are
shown as having a greater overlap than their mandibular counterparts,
especially in the premolar region, while the maxillary sinuses can
interfere with the visibility of the apices [44]. Moreover, the anterior
teeth in both the maxilla and the mandible are usually affected by
ghost shadows produced by the cervical spine [45]. Consequently, the
experiments were conducted using the mandibular canines, premolars,
and molars.

Fig. 2 shows the methodology used in this study to estimate age
and sex completely automatically. This has two main elements: tooth
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Tooth ROIs Per-ROI feature maps Tooth detections
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feature vectors
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Fig. 2. Proposed approach for estimating age and sex: (1) the teeth are detected in the OPG with an R-CNN-based architecture. This involves the feature extraction process
using an FPN backbone, the proposal of teeth locations (ROIs) using an RPN, and the refinement and classification of each tooth ROI using an ROI head; and (2) the per-tooth
probability distributions of the age and sex are estimated. This process consists of evaluating the features extracted by the backbone at the estimated tooth locations, and applying
a convolutional block and a fully connected layer to obtain the per-tooth distribution parameters. Finally, the estimated distributions are aggregated to calculate the age and sex.

Table 3

Dataset demographics.
Age group Female Male
(5, 10] 140 150
(10, 15] 150 150
(15, 20] 146 149
(20, 25] 108 104
(25, 30] 45 45
(30, 35] 45 45
(35, 40] 49 47
(40, 45] 49 48
(45, 50] 49 49
(50, 55] 47 47
(55, 60] 44 40

872 874

detection and age and sex prediction. In the first step, the selected
subset of teeth is detected in the image, with the position of each tooth
obtained via oriented bounding boxes; its number is based on the FDI
notation [46]. In the second step, the image information retrieved by
the CNN at the tooth locations is fed into a second CNN to estimate the
per-tooth chronological age and sex probability distributions, which are
then aggregated to obtain the final prediction.

The detection network shown in the upper part of Fig. 2 is based on
the Faster R-CNN architecture [47] and so is composed of three main
modules: the feature extraction network, also called the backbone; the
Region Proposal Network (RPN); and the ROI head. First, the CNN-
based backbone is applied to extract a set of multiscale features from
the input image. Then, those features are fed into an RPN, which
classifies a grid of boxes (also known as anchors) according to the
probability of it containing a tooth, with the most likely locations
referred to as Regions of Interest (ROIs). Next, the learned features
are fed into an ROI pooler, which produces equal-size feature maps
for each ROI Finally, the ROI head is applied to the per-ROI feature
maps to refine the localisation of each ROI and determine whether it
belongs to one of the tooth classes or the background class. This work
includes some Faster R-CNN improvements proposed in a later study.
Specifically, the Feature Pyramid Network (FPN) is used as the feature
extractor [48] (on top of a ResNet50 network) and ROIAlign as the ROI
pooler operation [49].

Once the teeth are localised and classified, the ROIAlign operation is
performed again to evaluate the features extracted by the backbone in
the final tooth positions, resulting in a per-tooth stack of 256 feature
maps of size 7 x 7. These features are then processed to obtain the
chronological age and sex, as shown at the bottom of Fig. 2. The age
and sex estimation modules are referred to herein as the age head and
sex head, respectively.

The architecture of the age head is first composed of a convolutional
block shared by all tooth classes. This is used to extract per-tooth
high-level features, which we expected would be associated with tooth
development, and so with chronological age. The convolutional block
consists of an initial convolutional layer with 512 output feature maps
of size 7 x 7 pixels plus a max pooling operation, followed by a
second convolutional layer with 1024 output feature maps of size 4 x 4
plus an average pooling operation. The output of this block is then
flattened into a one-dimensional per-tooth-feature vector of size 1024.
As the dental development stages have different timings for each tooth,
performing a tooth-wise estimation without taking into account the
specific tooth type can be misleading. Consequently, per-tooth fully
connected layers are applied after the convolutional block. This enabled
the development features to be summarised differently for each kind of
tooth.

It is well known that some teeth are more relevant in chronological
age estimations than others, meaning that more weight should be
attached to assessments of their age. In this regard, the per-tooth fully
connected layers do not produce a single output with a point estimation
of age, but a tuple of two values parameterising a Gaussian distribution
N, (g, af),t € T, with T being the set of detected teeth. Gaussian
parameters are especially interpretable in age estimations, as they
provide both a measure of centrality (mean) and one of uncertainty
(variance).

To constrain the variance parameter to the positive domain, Bishop
has suggested adopting an exponential activation function [50]. How-
ever, the rapid growth of this function can lead to unstable behaviour,
especially in datasets with high variance. Accordingly, we followed the
approach proposed in [51] and used a modified version of the ELU
activation function (1). As can be seen, the ELU’ function retains the
E LU behaviour (exponential growth for lower values and linear growth
for higher ones) and adds 1 + € to achieve a strictly positive output.

ELU'(x)= ELU(x)+ 1 +e¢

a(e® —1) for
x for

x<0 @

ELU(x)={ x>0

The aggregation of the estimated per-tooth age distributions is car-
ried out by following the principle that the most uncertain estimation
should contribute to the final estimation to a lesser extent than the
less uncertain estimation. Consequently, the overall estimated age is
calculated through a weighted sum of the means of the per-tooth
estimated distributions via

y= Z Hy - Wy
teT
1/l @
ZreT 1/[(0',2)"]

t
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with T being the set of detected teeth, 4, and o> the mean and variance
of the estimated distribution for tooth ¢, and w, the weight associated
with the estimation of tooth 7. As the variance of the estimated per-
tooth distributions can be seen as a measure of estimation uncertainty,
this weight gives less importance to those estimated per-tooth dis-
tributions with a high variance. The amount of penalisation can be
controlled through the parameter n, also called the penalisation term.
The higher the n parameter is, the closer the aggregated estimation will
be to the most confident per-tooth estimation.

The architecture of the sex head is almost identical to that of the age
head. In this case, the convolutional block is aimed at catching the most
sexually dimorphic features of the teeth. Again, the dimorphism proved
not to be the same for all the teeth, so the fully connected layers applied
at the end of the convolutional layer are not shared across the different
tooth types. As this is a binary classification problem, the output of the
per-tooth fully connected layers corresponds to a single value p, which
parameterises a Bernoulli distribution such that p, is the probability
that tooth ¢ belongs to a female and 1 — p, is the probability that the
same tooth belongs to a male. Again, the mean y, = p, and variance
62 = p,(1 — p,) of the per-tooth estimated probability distributions
provide the centrality and uncertainty of the predictions.

To constrain the output p, to the [0,1] range, a sigmoid activation
function is used at the end of the per-tooth fully connected layers. The
estimation aggregation is carried out in the same way as in the age head
using (2).

4. Experiments and performance evaluation

Although the tooth detector and the age and sex heads worked
together to perform age and sex estimations directly from an image,
the training process was split into two steps. First, the tooth detector
was trained without the age and sex heads, and the detection accuracy
was reported. Then, the detector layers were frozen and the age and sex
heads were added and trained. In this way, the computational cost was
lower for each training process and the convergence was faster. Every
experiment was performed using the Detectron2 platform [52].

4.1. Tooth detection

For the experiments related to the tooth detector, the initial dataset
of 1746 images was split into training, validation, and test subsets,
which contained 60%, 20%, and 20% of the cases, respectively. In
particular, a stratified split approach was followed, and therefore the
age and sex distribution of the dataset, which is set out in Table 3,
was preserved across the three subsets. Image augmentation techniques
were applied to increase the size and variability of the data, specifically,
the horizontal flip, translation in both axes, rotation, and the brightness
and contrast disturbance.

In relation to the training hyperparameters, the batchsize was set
to 8 images for the FPN and RPN, and 512 ROIs per image for the ROI
head. The optimal grid of RPN anchors was calculated using K-means
on the training set, resulting in: rotations of —52, —23, 0, 23, and 52
degrees; aspect ratios of 0.3, 0.6, and 1.4; and sizes of 302, 422, and
532 pixels. The model was trained for 10,000 iterations and validated
every 600. The learning rate was initially set to 0.01 and multiplied by
a factor of 0.1 at iterations 4000 and 7000. At the end of the training
step, the model state was reverted to the validation point where the loss
function was minimal. The performance metrics were obtained with the
test set.

The main evaluation metric for the tooth detector was the mean
average precision (mAP) [53]. This consists of first establishing a
minimum overlap - intersection over union (IoU) — between the object
ground truth and the prediction from which the detection is considered
to be correct. Then, the Average Precision (AP) is used to summarise
the precision/recall curve for each tooth class. Finally, the metric is
averaged over all the classes. Specifically, three different versions of
the mAP metric are reported: mAP@0.5, which uses an IoU of 0.5;
mAP@0.75, which takes an IoU of 0.75; and mAP@[0.5:0.95], which
averages the mAP over 10 different IoU values, from 0.5 to 0.95.
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4.2. Age and sex estimation

The training-validation—test split performed for the tooth detec-
tor experiments was preserved in the age and sex estimation step.
However, as noted above, there are specific age ranges where it is
not feasible to estimate chronological age or sex. Thus, the training,
validation, and test subsets were filtered to preserve only the age ranges
where the objective is approachable according to the literature. For the
case of age estimation experiments, the three subsets were filtered so
they contained only subjects younger than 25 (1097 cases). Similarly,
sex experiments were carried out in a reduced version of the subsets in
which only the subjects older than 16 were preserved (1096 cases).

The loss function used to train the age head combined the negative
log-likelihood, which was calculated as the negative logarithm of the
Probability Density Function (PDF) for a normally distributed variable,
and the L2 regularisation loss on the weights of the neurons that
compute the mean and variance components. The overall loss for the
age head £, was calculated using

—G-u?*
ZteT —In : e 207 ]
2ro,
L, = = +i(Xw?)
where y is the real age, 4 is the weight of the L2-loss (set empirically
to 1072), and W is the tensor of the weights of the per-tooth fully
connected layers.

To increase the training stability, the bias and weights of the per-
tooth fully connected layers were initialised in such a way that the
predicted per-tooth age distributions at the beginning of the training
process corresponded to the age distribution of the training dataset:
specifically, u = 15 years and o2 = 13 years.

The age estimation performance was evaluated using regression
metrics on the residuals: real age minus estimated age; absolute errors:
absolute value of the residuals; and the explained variance. The median
value is employed for the residuals, as it has proved to be more robust
in relation to this issue [33]. For the absolute errors, the mean, standard
deviation, median, and interquartile range are reported. The 95th
percentile of the absolute errors was used as a measure of performance
in the worst-case scenarios. Finally, the coefficient of determination R?
was reported.

The formula for the binary cross-entropy was used to train the sex
head:

Ser [pin(n0) + (1-7) (1= )]
L=
IT|
where y is the real sex of the subject in the image: 1 = female; 0 =
male.

Sex estimation capabilities were assessed with traditional classifica-
tion metrics, i.e., the overall accuracy, precision, recall, and F1 score
for each class of female and male.

The impact of the uncertainty-aware distribution aggregation was
analysed for both the age and sex heads. Specifically, we tested four
policies based on different n values in (2). The first attaches equal
weight to each per-tooth estimation, i.e., n = 0. In the second, the per-
tooth estimations are weighted linearly by their uncertainty, i.e., n =
1. In the third version, the highly uncertain estimations are heavily
penalised by increasing the parameter n in (2). The impact of the n
value on the performance was also analysed. Finally, the fourth policy
considers the prediction produced by the less-uncertain tooth (n — o0).

3

C)

5. Results
5.1. Tooth detection performance

The detection performance is reported in Table 4, along with the
details of other tooth detection networks available in the literature. The
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Table 4

Comparison of the available tooth detection systems with the proposed approach.?

Model mAP@[0.5:0.95] mAP@0.5 mAP@0.75
Silva (2020) [21] 74.0 99.7 89.0
Chung (2020) [27] 81.0 91.0 90.0
Ours 77.6 96.4 94.4

20nly those methods reporting AP-based measurements were included.
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Fig. 3. Detection accuracy for each tooth type. The first and second molars (46, 45,
45, and 36) were clearly the best performers for this purpose.

proposed approach outperformed the others in terms of the mAP@0.75
metrics (94.4 vs 89.0 and 90.0); it remained in second place overall for
the mAP@[0.5:0.95] and mAP@0.5 metrics.

The mAP@[0.5:0.95] metric is represented in Fig. 3. As can be
seen, the highest detection accuracy was achieved in teeth 46 and
36, corresponding to the first molars, with values of 81.9 and 82.6,

Fig. 4. Impact of the penalty term, n, on the age and sex estimations (blue and red
lines, respectively) for values greater than or equal to 1. The best estimates for age
were obtained with » = 3, and the most accurate sex classifications with n=11.
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respectively. The next most accurate teeth were 47 and 37, also known
as the second molars, with values of 79.8 and 82.6. The detection
performance fell in the rest of the tooth types, reaching a minimum
of 73.1 and 74.6 in teeth 48 and 38, i.e., the third molars.

5.2. Age estimation performance

The age estimation performances for the different aggregation poli-
cies can be seen in Table 5 and Fig. 4 (blue colour). When the aggre-
gation consisted of averaging the means of the per-tooth distributions
(n =0 in (2)), there was a noticeable systematic overestimation of age
(the median E was —0.20 years), while the mean AE was 1.11 years.
The worst 5% of the estimations yielded an AE greater than or equal to
3.29 years. The inclusion of a parameter that penalises the uncertainty
of the per-tooth estimations linearly (n = 1) helped to slightly reduce
the overestimation, with the median then E —0.17 years. The metrics
based on the AE were also improved, it being remarkable that the
mean AE was below 1 year and the median AE decreased from 0.82
to 0.63 years. Moreover, the explained variance improved from 92%
to 94%. When only the tooth with the least uncertainty was taken
into account, the AE-based metrics tended to be slightly worse, being
particularly noticeable in the mean (1.11 years) and the IQR (1.54).

As shown in Fig. 4, when the n parameter was increased further,
leading to exponential uncertainty penalisations, the age estimation
errors fell until they reached a minimum at n = 3, and started to
increase thereafter. When the n value was set to that optimal point,
the overestimation was reduced to almost zero, with the median being
E —0.06 years. Every other metric was also improved, and it was
particularly noticeable that the AF interquartile range decreased to
1.11 years and the 95th percentile to less than 3 years (2.88).

Fig. 5 contains an example of the estimated per-tooth age dis-
tributions for a patient aged 18 years and 3 months. In this case,

Estimated age (years)

Fig. 5. Example of the estimated per-tooth age distributions for a subject aged 18 years
and 3 months, and the final prediction according to the different aggregation policies
(n € {0,1,3}). The solid and dotted per-tooth distributions correspond to the teeth
producing the most and least confident outcomes, respectively.

the most anterior teeth — 33 and 43 (canines) and 34, 44, and 45
(premolars) - yielded age distributions centred well away from the
real age. These distributions also had a high degree of variance. As
a counterpart, the most posterior teeth — 37, 47, 38 and 48 (molars)
— produced distributions with a mean closer to the target age and a
noticeable lower variance. The first aggregation policy (n = 0), which
does not take into account the variance of the distributions, produced
poor estimations because of the influence of the distributions of the
most anterior teeth, which significantly underestimated the real age.
The second aggregation policy (n = 1), which weights each per-tooth
estimation by the inverse of the distribution variance, produced an
estimation closer to the target age. This is because its reliance on
the widest distributions is less than on the tightest. Finally, the third
aggregation policy (n = 3, according to the optimal value reported in
Fig. 4), which penalises the uncertainty exponentially, achieved a final
estimation even closer to the real age of the subject, as evidenced by
the significant increase in the difference regarding the weights assigned
to the most and least reliable estimations.

The estimations produced by the best aggregation policy (exponen-
tial uncertainty penalisation with n = 3) are showed graphically in
Fig. 6, and the performance metrics for each age range are also reported
in Table 6. It can be seen that the behaviour is more reliable in the
younger age groups, especially in those subjects younger than 10, as
the estimations are very close to the ideal performance and the mean
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Table 5

Impact of the aggregation policy of age head on the estimation performance.
Aggregation policy E AE R?

med. " o med. IQR p95
No uncertainty (n = 0) —0.20 1.11 1.04 0.82 1.33 3.29 0.92
Linear (n=1) -0.17 0.99 0.96 0.63 1.23 3.12 0.94
Exp (n=n*,n>1) -0.06 0.97 0.94 0.56 1.11 2.88 0.94
Only best tooth (n—o0) 0.02 1.11 1.03 0.74 1.54 2.82 0.92
Table 6 Table 7

Performance metrics of the proposed age estimation method per age
range, with the optimal » penalisation parameter (n = 3).

Age range E(med.) AE (u +o0)

(5,71 0.28 0.44 + 0.32
(7,91 0.21 0.43 + 0.34
9,11] 0.28 0.71 + 0.55
(11,13] 0.13 0.96 + 0.79
(13,15] 0.14 1.22 + 1.02
(15,171 0.26 0.82 + 0.78
(17,191 0.22 0.76 + 0.65
(19,21] -0.30 0.91 + 0.67
(21,23] -1.69 1.76 + 1.28
(23,25] -2.90 2.87 + 0.90

20 4

Estimated age (years)
o

104

T
5 10 15 20 25
Real age (years)

Fig. 6. Real age versus the predictions of the proposed method, with the optimal n
penalisation parameter (n = 3). The red dashed line shows the ideal performance.

absolute error is lower than 0.45 years. On the contrary, the absolute
error in subjects older than 20 exceeds 1.75 years, motivated by a
noticeable tendency to underestimate age.

Table 7 contains our comparison between the performances of our
proposed method and those of other approaches that also aim to
estimate numeric age automatically. As can be seen, the methodology
described in this study performed better than any other, with improve-
ments to the mean AE ranging from 0.11 (vs Wallraff et al. [34]) to
1.31 years (vs Cular et al. [31]). Furthermore, the distribution of the
AE was tighter than in other studies based on its standard deviation.
Finally, the overestimation of our method was close to zero, which is
comparable in absolute terms to the underestimation we obtained in a
previous study [33].

5.3. Sex estimation performance

The sex estimation performance is set out on both the right side of
Table 8 and in the red graph in Fig. 4. The accuracy was 90% when
the aggregation of the per-tooth distributions was conducted using a
simple average of the estimated probabilities (» = 0). The recall was
94.54% for females and 85.45% for males, while the precision was
86.67% and 94%, respectively. The F1 measure was around 90% in

Comparison of the available automatic age estimation systems and the proposed
approach.

Model Age range E (med.) AE (4 +0)
Cular (2017) [31] 10-25 - 2.28 + 2.17
De Back (2019) [32] 5-25 - 1.75 + -
Vila-Blanco (2020) [33] 5-25 0.07 1.17 + 1.11
Wallraff (2021) [34] 11-20 —-0.30 1.08 + -
Hou (2021) [35] 0-93 - 1.64 + —
Ours 5-25 —0.06 0.97 + 0.94

both classes. When a linear uncertainty penalisation was added (n = 1),
the overall accuracy dropped to 88.18%. The female recall and the
male precision decreased noticeably, while the female precision and
the male recall increased to a lesser extent, resulting in a more balanced
level of performance across these classes. The F1 scores were noticeably
lower, with a difference of about 2% with respect to the aggregation
with no uncertainty (n = 0). The results were much worse when only
the tooth with the least uncertainty was used for the sex classification.
Specifically, the accuracy fell below 87% (86.82%) and none of the
other metrics were above 89%.

The sex classification accuracy followed a different pattern to the
age estimation performance when the value of n was increased. As
shown in Fig. 4 (red line), every value under 9 yielded an accuracy
below that obtained with the simplest aggregation policy. The results
improved the baseline (n = 0) from n = 9 to n = 14, and then the
performance started to drop. The greatest accuracy was achieved with
n = 11, reaching 91.82%. In this optimal setup, the recall for the female
class and the precision for the male class remained very similar to these
values obtained without uncertainty-aware aggregation. However, the
precision for the female class, the recall for the male class, and the F1
score improved by more than 2%.

An example of the aggregation of per-tooth sex distributions for a
female subject is presented in Fig. 7. In this case, the best per-tooth es-
timations were produced for teeth 46, 44, 43, 33, and 34, and the worst
for 48, 45, and 35. The three aggregation policies described in Section 3
were analysed, with the penalisation parameter n in the exponential
penalisation policy set to 11 based on the optimal value reported in the
red graph in Fig. 4. In every case, the returned probability classified the
sex of the subject using the threshold of 0.5. However, when the most
uncertain estimations — those that assign similar probabilities to the
male and female classes — were penalised, the output probability, and
hence the confidence of the classification, was higher for the female
class.

Table 9 contains our comparison of the results of our proposed sex
estimation method to those of the other automatic sex estimation ap-
proaches. In general terms, the former was outperformed by the latter
in relation to the classification accuracy achieved, with the differences
between 2.5% (vs Ili¢ et al. [38]) and 5.1% (vs MiloSevié¢ et al. [39]).

6. Discussion and conclusions

Estimating chronological age and biological sex is a crucial task in
a number of clinical or forensic processes, and has been widely tackled
by the research community [7,8]. Nevertheless, the majority of studies
have described manual or semiautomatic approaches, which are very
time-consuming and have a high degree of subjectivity. In recent years,
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Table 8

Impact of the aggregation policy of sex head on the estimation performance.
Aggregation policy Acc. Female Male

Recall Precision F1 Recall Precision F1

No uncertainty (n =0) 90.00 94.54 86.67 90.43 85.45 94.00 89.52
Linear (n=1) 88.18 90.00 88.64 88.39 86.36 89.62 87.96
Exp (n=n*,n>1) 91.82 94.54 89.65 92.03 89.09 94.23 91.58
Only best tooth (n—o0) 86.82 88.18 85.84 87.00 85.45 87.85 86.63

Table 9
Comparison of the available automatic sex estimation systems and the
proposed approach.

Model Age range Accuracy (%)
1lié (2019) [38] - 94.3
Milosevi¢ (2019) [39] 19-85 96.9
Ke (2020) [40] 16-70 94.6
Vila-Blanco (2020) [41] 5-90 75.0-96.7
Ours 16-60 91.8
48 -p— : Tooth type
a7 : I Molar
. 1 Premolar
4 )
= Right : Il Canine
<] 15 1
5 i
2 44 4 1
8 : |
[y 13 1
< 1
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Estimated probability of the female class (p)

Fig. 7. Example of the estimated per-tooth sex distributions for a female subject, and
the final prediction according to the different aggregation policies (n € {0,1,11}).

fully automatic methods have been proposed for processing a dental X-
ray image and using it to establish the subject’s chronological age and
sex [32,33,39,41]. These studies report high performance levels that
enable rapid and confident estimations, suggesting that the subjectivity
problems of manual processes can be greatly reduced. However, and de-
spite efforts to improve the interpretability of these methods [33], they
still lack mechanisms to explain the reasoning behind their findings.

This study proposes a two-step process for estimating chronological
age and biological sex using an OPG. In the first step, a CNN is used to
detect a set of mandibular teeth, outputting oriented bounding boxes
where each tooth is located. The features learned by this network are
evaluated in the boxes and fed into a second CNN, which applies a set of
convolutional layers and a fully connected layer to produce a per-tooth
estimation of age or sex. Instead of giving a single point estimation for
each tooth, it yields a parameterised probability distribution, which is
Gaussian for the age estimation and a Bernoulli for the sex classifica-
tion. These per-tooth distributions are then aggregated by taking into
account their uncertainty, that is, through a weighted sum which gives
to the mean of each distribution a weight that is inversely proportional
to the distribution’s variance.

The performance of the tooth detection was comparable to the other
automatic methodologies, outperforming them in the mAP@[0.5:0.95]
metric and staying in second position in the other two. This is quite
remarkable, since the proposed approach was evaluated in mixed den-
titions (children and adults), while the other methods described have
only been tested on fully developed adult dentitions. We would expect
a noticeable drop-off in the performance of these other methodologies
if child subjects were included in their samples, as this would then
involve very small objects (when tooth development is beginning), as
well as great variability in terms of the tooth aspect ratio (the teeth are
wider when they start to develop and become taller as they grow).

In addition, and to the best of our knowledge, this is the first attempt
to detect the teeth using oriented bounding boxes. This type of box
fits the tooth better than the horizontally aligned versions, as any
overlapping with the neighbour teeth is avoided. Consequently, it also
enables the extraction of data on tooth orientation, which is crucial for
detecting conditions such as impacted wisdom teeth, as well as other
measurements like height and width.

Our proposed approach was evaluated in relation to the age and
sex estimation subsystem using according to four different ways of
aggregating the per-tooth probability distributions: the average of the
distribution means; the weighted sum of the distribution means through
a linear penalisation of the uncertainty; the weighted sum of the
distribution means via an exponential penalisation of the uncertainty;
and using the least uncertain tooth as the only predictive indicator.

The age estimation experiments were performed with subjects
younger than 25, as results are reportedly inaccurate in older subjects
due to their fully developed teeth [54]. The outcomes confirmed that
the uncertainty-aware aggregation policies increased the predictive
capabilities of the model and decreased the errors in the estimations.
The overestimation of 0.2 years (2.4 months) produced by the first
policy was reduced to 0.17 (2.04 months) years by the second and
0.06 years (0.72 months) by the third; the fourth policy, meanwhile,
yielded a negligible underestimation of 0.02 (0.24 months). Similarly,
the AE-based metrics were also improved: 0.97 years for the mean AE,
while the model was able to catch 94% of the data variability, with
both of these outcomes occurring when an exponential penalisation
of the uncertainty was applied. It has also been confirmed that the
performance was significantly lower for subjects older than 20 due to
the end of the tooth development period.

These results demonstrate that the proposed methodology outper-
forms the other automatic age estimation systems, in terms of both
under- or overestimations and absolute errors. This is remarkable, as
the new approach only uses image information retrieved from inside
the tooth bounding boxes, unlike the studies by De Back et al. [32],
Vila-Blanco et al. [33], Wallraff et al. [34], and Hou et al. [35], which
used the entire OPG to produce their age estimations. This suggests
that the teeth are the structures in the oral cavity which correlates best
with the chronological age, at least in OPGs. It is also notable that the
performance is still comparable or even better than the other methods
in cases where only the best tooth is used. The achieved performance
make this approach suitable for being used as the primary method in
any required age estimation task.

The results for sex estimation were obtained from subjects older
than 16, as puberty is the point at which dimorphic skeletal indicators
become noticeable [6]. The performance of the same four aggregation
policies yielded a different pattern than in the age estimation experi-
ments. Although the classification accuracy dropped from 90% (n = 0)
to 88.18% (n = 1) when applying the linear uncertainty penalisation,
the gap between the female and male outcomes was reduced. The
classification performance with the optimal » value (n = 11) was better
than that achieved with both the first and second aggregation policies
for every single metric, with an overall accuracy of almost 92%. Finally,
the results obtained with the least uncertain tooth were, by far, the
worst performers in the comparison, indicating that multiple teeth must
be included to get the best outcomes.

The degree of accuracy achieved with our approach was remarkable
and implies that the teeth have great potential for detecting biological
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sex. However, the alternative automatic methods for estimating sex
from OPGs have produced better outcomes [38-41], suggesting that
other structures present are highly dimorphic. This is in line with other
studies that report a greater degree of dimorphism in the mandible
than in the teeth [11]. However, it is noticeable that the proposed
approach outperformed the other method aimed at estimating the sex
from the radiological analysis of the teeth [55] by a very large margin
(91.8% vs 79.5% of accuracy, respectively). In this regard, we believe
that this method could be complemented with the addition of other
highly-dimorphic bone structures in the radiological image, such as
the mandible, to build a more accurate yet explainable sex estimation
pipeline.

The visual representations of the predicted per-tooth distributions
have proved to be consistent with the findings in the clinical literature.
As an example, the most confident age estimations for the case pre-
sented in Fig. 5 (a subject aged 18 years and 3 months) were achieved
with the third molars (38 and 48), which are expected to be the only
teeth in development at that age [6]. It can be seen in Fig. 7 that
the canines (33 and 43) yielded the most confident sex estimations,
followed by the first premolars (34 and 44). This is in line with the
study by Zorba et al. [56].

Overall, the proposed age and sex estimation models have some
advantages over earlier automatic approaches. First, they do not require
the presence of any specific tooth to work, unlike other methods [28-
31,36], ensuring their applicability in a wider range of scenarios.
Moreover, although our model is able to produce age and sex esti-
mations with a single tooth, its performance is expected to improve
when multiple teeth are available. In addition, the output of our age
estimation methodology is a numeric value, which is more precise than
that obtained with the N-stage classification system [22,28-30,37]. It
is worth noting that the performance reported for both the age and sex
estimation methods was obtained in an OPG database collected with no
exclusion criteria, which entails a very realistic test environment.

The interpretability of automatic estimation methods, particularly
those related to the medical field, is already required by the main
competent authorities to approve their application in real environ-
ments [57]. In this regard, it is crucial to know how the estimation
methods work and which piece of information they rely on the most.
This can be useful not only for validating these methods against the
clinical findings already reported in the literature, but also to discover
new indicators that were not explored yet. In the particular case of the
proposed age and sex prediction method, the estimations can be easily
traced back to build understandable explanations. The fact that an
individual probability distribution is produced for each detected tooth
gives experts a powerful tool to with which to conduct further studies
regarding: the teeth that make the best contributions; the most suitable
teeth for a specific age cohort; the behaviour of the proposed approach
when the most relevant teeth are missing; and the minimum set of
teeth required to produce the optimum performance. Moreover, the age
estimation methodology could also be used to detect issues relating to
the development of specific teeth, such as advanced or delayed growth.

In conclusion, the methodology described in this paper is valuable
for both accurately estimating chronological age and biological sex in a
variety of scenarios using OPGs, and producing interpretable per-tooth
estimations that are easy to analyse.
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