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Figure 1: The new UUUUUUUUUUNet Architecture.

Abstract
Mandible segmentation is a crucial step in various dental procedures
and is the focus of this work. It uses a new neural network for it. The
initial results were promising, achieving 98% accuracy. However,
due to class imbalance, these results did not fully reflect reality. The
∗This work is part of the dissertation of the first author. The second and third authors
are respectively my supervisor and co-supervisor.

customized architecture is still in the testing phase and has not
been fully evaluated, so no conclusive results have been obtained
thus far. Nevertheless, it is undergoing extensive validation and
demonstrates strong potential to significantly advance automation
in dental imaging.
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1 Introduction
Automation of medical treatments is already employed in vari-
ous fields of medicine, including dentistry. One area of interest in
both research and industry is the identification of the mandibular
integrity, due to its great exposition to accidents. Mandibular ob-
servation supports several processes such as clinical planning and
prosthesis fabrication. Many treatments begin with a computed
tomography (CT) scan of the skull, followed by the segmentation,
usually manual, of the area to be analyzed in isolation. From this,
several operations become possible, such as 3D reconstruction,
computerized planning, analysis, and disease diagnosis. This seg-
mentation is an essential tool for oral and maxillo facial surgeries
[7].

The manual segmentation of the mandibular bone requires the
presence of a qualified and usually experienced specialist. This area
presents several issues that make the process very complex. So
manual segmentation takes significant time. Moreover, the quality
of segmentation usually relies on the professional’s experience,
and a considerable margin for errors can appear. Due to a certain
degree of subjectivity and inaccuracy in the task, the quality of the
outcome is primarily linked to the experience of the professional
involved and their commitment to the task [9]. This manual method
often consumes professionals’ timewithmechanical and exhausting
work, taking away the opportunity to focus on more valuable and
hard tasks. If automation were possible, it would not only speed
up this process but also ensure uniformity and consistency in the
results. This would lead to fewer discrepancies between different
segmentations and greater reliability in disease progression and
treatment. Taking these factors into account, there is significant
interest in the dental field in automatic mandible segmentation.

To address these limitations and develop a well-structured and
efficient pipeline, this work proposes the automatic segmentation
of the mandibular region. Initially, we focused exclusively on the
main orientation of the CT (the axial view), and on the use of
Convolutional Neural Networks (CNN). We firstly used the U-net
base architecture [8], it performs well in segmenting the mandibular
body but struggles to delineate the ramus region, especially the
named condyle (observe Figure 2). We also designed a customized
version based on it (Figure 1 presents it), leveraging feature map
sharing between tomographic slices, giving the network a spacial
notion, helping in segmenting difficult areas using information
from adjacent slices.

2 Literature Review
Automating mandibular segmentation is a broad and extensively
studied topic. The diversity of approaches and solutions demon-
strates that the problem can be addressed in many ways. However,
there is consistency in certain articles.

In the study by Qiu et al. (2021), a combination of recurrent
and convolutional neural networks was used, allowing different

Figure 2: On the left: Mandible region with the condyle
circulated in red. [Public domain], via Wikimedia
Commons.(https://commons.wikimedia.org/wiki/File:
Mandible_close-up_superior.png). In the middle: Axial
tomography of the cranium from the PDDCA dataset
containing the condyle region. In the right: Condyle
Segmentation of the image in the middle. The last two
images use cropped images to better show the cited region.

slices of the same scan to share features and useful information
for segmentation [6]. They results were evaluated over the three
dimensional mandibular area, as the input data consisted of 3D CT
scans. The training and tested data included two sets of CT scans,
one being a proprietary dataset in which the technique achieved
a Dice Similarity Coefficient (DSC) of 0.97, an Average Symmetric
Surface Distance (ASSD) of 0.21 mm, and a 95% of the maximum of
the measured Hausdorff Distance, named as 95HD, of 2.65 mm [2].

In Pankert et al. (2023) multiple 3D U-Nets were used in a two-
step process [5]. Two separated 3D U-Nets were trained using differ-
ent configurations and loss functions to produce a high-resolution
segmentation of the mandible. These networks were used in a
cascaded format, with the first generating a low-resolution segmen-
tation defined by a bounding box and the second refining the result
based on the detected region of interest. A proprietary dataset was
used for training and validation, where the method achieved a DSC
of 0.94 after applying the aforementioned bounding box.

Irshad, Talal Bin, et al. (2024) [4] conducted a comparative study
of multiple software tools used for mandible segmentation, exam-
ining both fully automated and manually assisted approaches. One
notable example is Relu [3] (Adicionar site da Relu), which uses
a 3D-U-net architecture to segment the mandible region from DI-
COM files. With a great user interface, the Relu project aims to be
effective and user friendly at the same time. Due to the absence of a
ground truth, the study compared the results obtained frommanual-
assisted tools with the only automated method. Relu achieves an
average DSC of 0.92, indicating competitive performance. However,
the study also points out that, while Relu was among the simplest
and most intuitive tools, it produced most variation in results com-
pared to other software. In addition, it offers limited customization
options during the segmentation process. Although Relu is behind
a paywall, it presents strong automatic segmentation results and
an acessible interface, but its restricted availability and lack of flex-
ibility may limit its adoption in more diverse clinical or research
settings.

3 Fundamentals
Computed tomography (CT) is an X-ray based technique that allows
for clearer and more contrasted visualization of internal organs. It
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is performed using a machine with multiple X-ray sources that are
activated while moving in a circular motion around the body. The
detectors, positioned on the opposite side, capture the radiation that
is not absorbed by different body tissues. This information is then
represented as a grayscale digital image, which can be measured in
Hounsfield units (HU) [1].

3.1 Region Of Interest (ROI)
In image segmentation tasks, a large portion of the image is often
occupied with background or irrelevant information. This can neg-
atively impact the performance of a model or technique, as it may
highlight patterns that should be ignored or de-emphasized, inter-
fering with the decision making process and leading to potential
errors and misleading metrics.

To address this issue, we crop the image to include only the
region containing the target class. Maximizing the presence of
relevant information in the input, helping the model to focus on
the features that are truly representative of the class of interest.

3.2 Standard U-net
The original U-Net model was proposed in 2015. This architecture
uses an Encoder, which learns to extract and retain only the relevant
information and features from the image. The image reconstruction
process is performed by a Decoder, which utilizes information
from previous layers through skip connections, allowing for the
preservation of finer details in the image [8].

4 Materials and Methods
The Medical Image Computing and Computer Assisted Interven-
tions (MICCAI) Society is a professional organization for scientists
in the areas of human medical images founding in 2004 https:
//miccai.org/.

4.1 Database
The most notable and widely available dataset was the Public Do-
main Database for Computational Anatomy (PDDCA), provided by
the MICCAI to be used in the Head and Neck Auto Segmentation
Challenge 2015 (promoted by its International Conference held in
Munich, Germany, in October 2015). This dataset includes CT scans
from 48 patients, with manual segmentation of the mandible and
other anatomical structures. The data is organized by patient, with
each entry representing a person’s exam covering the area from
the lower mandible to the top of the skull.

Upon analyzing the CT slices, only those containing themandible
were selected, as the majority did not include it. This selection
was necessary because an imbalance in the dataset could bias the
model’s training toward the predominant class on the initial tests,
the absence of themandible potentially leading to predictions where
images are mostly filled with background.

Of these 48 CT scans, 8 did not contain segmented mandibles
and were therefore excluded. On the remaining 40, we used one
function from the Scikit-learn library to randomly divide the sam-
ples, with 32 assigned for training and 8 for testing. Throughout all
processes, full CT scans were used without applying cur outside
the Region of Interest (ROI). The original dataset can be found
at the URL: https://www.imagenglab.com/newsite/pddca/, and the

pre-processed tomographies at: https://github.com/ColdmaterL/
PDDCA_Mandible_pre_processed.

4.2 Pre-processing
In the initial experiments, we applied a windowing configuration,
we used a level value of 1000, because bone structures, such as the
mandible, are usually represented on this scale in Hounsfield Units.
Regarding the window width, we used a value of 200, as it provided
a good range of values in our experiments, effectively differentiating
the tissues in this part of the body. However, the network achieved
better performance when no filtering was applied, using only the
raw data from the dataset.

We also applied a ROI on the tomographies in the tomographic
images for some experiments. Initially, to assess the feasibility of
this approach,we used ROI coordinates derived from the mask data
provided by the PDDCA dataset. For each subject, we determined
the minimum and maximum pixel coordinates of the target class,
and cropped the image accordingly. This ensures that no relevant
information is lost. By significantly reducing background content,
this strategy provides more informative input to the U-net, poten-
tially enhancing its performance.

4.3 Model Structure
In the experiments, two types of U-net were used, one containing
a standard model and the other modifying it with a feature map
sharing technique. In this mechanism, we stack feature maps gener-
ated by adjacent CT slices. From this strategy, we hope to provide
a sense of positioning and refinement of the segmented region. We
will refer to this modified U-net as UUUUUUUUUU-net, due to the
organization of the model in the training process. All models were
trained with the Tensorflow framework.

4.3.1 Evaluating the results. In training and validation, the binary-
cross-entropy (BCE) is used for result evaluation. BCE is defined
by the formula 1.

BCE = − 1
𝑁

𝑁∑︁
𝑖=1

[𝑦𝑖 log(𝑦𝑖 ) + (1 − 𝑦𝑖 ) log(1 − 𝑦𝑖 )] (1)

where 𝑁 is the total number of samples, 𝑦𝑖 the true value of the
i-th sample, and 𝑦𝑖 is the model’s prediction of the i-th sample.

It measures the difference between the probability distribution
predicted by the model and the real distribution. Generally used
in binary classification problems, it was initially chosen due to the
nature of ground truth (GT) segmentations being binary images.
The objective was for the network to generate images with a high
degree of similarity to the original segmentations, helping to distin-
guish between pixels belonging to the mandible and background
pixels.

A characteristic of binary classifications is that we are interested
in classifying each pixel in the image as belonging to only two
classes. This is essential for highlighting anatomical structures. U-
nets return the probability that each pixel belongs to a class, this
probability is between 0 and 1. BCE assigns higher penalties for
errors in pixels where the model is very confident and wrong. For
instance, if the model predicts that a pixel belongs to the mandible
class with a value of 0.99, but the class value is 0. It penalizes less
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Table 1: U-net Results Metrics

U-net with ROIU-net without ROI
0.900.98Accuracy
0.050.07Precision
0.050.11F1-Score

5.2 Quantitative Results
In the training process, before using ROI, we utilized accuracy to
evaluate the adequacy of the network. However, it was not com-
pletely representative of the reality of results. The average accuracy
of the test dataset, it is 98% as can be seen in Table 1, which in theory
would represent that the model produces segmentations very close
to the GT, even in the upper slices of the mandible, where we had
major problems (representing a significant part of the image). At
same time, the loss value is low throughout the training, showing
inadequate learning rate. This indicates that the network does not
learn significantly when going through the data.

The training process using ROI was the same as without it. Using
the same test dataset we achieved an accuracy of 90%. Although it
resulted in lower accuracy, precision, and F1-score as can be seen
in 1, the values were more representative of the real output of the
network. Most segmentations accurately captured the mandible
regions, with only a few tomographies presenting issues, primarily
in the upper portion of the ramus region.

It is important to note that the images in Figures 3 and 4 do not
represent the same slices. They are just ilustrative images of the
segmentation shape produced by the network in both scenarios.

6 Conclusion and Future Works
Automatic Mandibular Segmentation is an area of great interest for
the dentintry field, with applications in both research and commer-
cial areas. An efficient tool could reduce costs, increase productivity,
improve the consistency of results and alleviate the workload of
professionals in this mechanical and exhausting task.

In this article we show how U-net can be used. This is one of
the most widely used models in mandibular segmentation, and a
new architecture that incorporates the sharing of feature maps
between adjacent slices is proposed, as well. This approach seeks to
solve a recurring problem in the standard implementation: incorrect
segmentation of the upper part of the mandible.

Although initial results were limited, probably due to class im-
balance in the ground truth images, where background regions
dominate, the experiments provided valuable insights. Traditional
evaluation metrics such as accuracy proved to be insufficient to
fully capture segmentation performance in this context. However,
the introduction of ROI techniques helped mitigate these issues, re-
vealing a clearer potential for improvement and setting a promising
direction for future work.

6.1 Future Works
At this moment three aspects were visored to improve this study:

6.1.1 Use of Different Tomographic Perspectives: In the current
study, only axial CT scans were used. However, the PDDCA datasettion performance.

believe this technique significantly improved the overall segmenta- 
still produced coherent, though faulty, boundary delineations. We 
accurate cases, such as the upper portion of the condyle, the model 
challenging ramus region, as illustrated in Figure 4. Even in the least 
consistently achieved throughout the tomographies, including the 
containing mandible structures, high-quality segmentations were 
mistic. By restricting the attention of the network to the regions 

  When applying ROI, the results became noticeably more opti- 
contrast among the organ of interest and the tissues on it.
GT images, as can be seen in Figure 4, because there are a great 
skull. In this region, precise segmentations occur, very close to the 
of the mandible body region for slices of the lower region of the 
complex to be segmented. In contrast, there are promising results 
the condyle, due to its small size as seen in Figure 2 and 3, is very 
region, since all have very similar intensities in these slices. That is 
guishing the mandible from the bones and other tissues of the skull 
possible to observe that the network had great difficulty distin- 
Analyzing standard U-net results without applying the ROI, it was 
5.1 Qualitative Results

tion. All presented results are by using the standard U-net.
proposed here in Figure 1. We are still working on its implementa- 
No meaningful results were generated with the new architecture 
5 Results

seen in Figure 1.
precise and more consistent with reality. The architecture can be 
rior areas, the ramus of the mandible and the condyle region, more 
region, making the segmentation of the mandible in the most supe- 
process, the network will learn about the continuity in the bone 
maps generated during training. We hope that in the convolution 
the area of interest in adjacent slices, with the stacking of feature 

  The UUUUUUUUUU-net consists of sharing information about 
with intensities similar to the mandible.
structural knowledge, it would probably avoid segmenting tissues 
a characteristic continuity 4. If the network could incorporate this 
slices, that the mandible region follows a well-defined structure and 

  It is possible to observe, by analyzing the adjacent tomographic 
mandibular area.
make it difficult for the network to adapt to the delimitation of the 

  Their different shape and location in relation to the upper parts 
ramus region and especially the condyle ( Figure 2 show them).
segmentation of the upper regions of the mandible, namely the 
tered in the experiments with the standard U-net was the correct 
4.3.2 UUUUUUUUUU-net. One of the major difficulties encoun- 

performance of the model in segmenting the image as a whole.
the image and then averaged. This allows us to evaluate the overall 

  In mandibular segmentation, BCE is calculated for each pixel in 
room for improvement.
pixel a value of 0.5, which is not completely wrong, but there is 
than when the model is uncertain, for example, when it assigns a 
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Figure 3: Examples of poor mandible segmentation. Different slices of different patients. First Image: Before applying ROI.
Second and Third Image: After Applying ROI.

includes sagittal and coronal slices. Incorporating these views into
the pipeline can provide complementary information, especially in
anatomical regions where the mandible presents a more complex
shape. Combining these sllices can improve segmentation in critical
areas and reduce errors.

6.1.2 Most Suitable Loss Functions: The loss BCE, which we use
in U-nets, is not suitable for images where there is a large class
imbalance. The use of loss functions such as Dice Loss, Focal Loss,
Weighted Cross-Entropy Loss, and Tversky Loss are more recom-
mended. They are more robust in imbalance scenarios and prioritize
the region of interest, better reflecting the quality of the segmenta-
tion, without the need for a qualitative evaluation.

6.1.3 Automatic ROI delimitation: The initial ROI experiments
were promising; however, we used predefined coordinates to per-
form the cropping. The next step is to automate this process em-
ploying a technique that, given a tomography, can determine the
optimal coordinates for the region of interest. We plan to leverage
windowing information to achieve this.
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