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3DentAl: U-Nets for 3D Oral Structure Reconstruction
from Panoramic X-rays

Anusree P.Sunilkumar’ - Seong Yong Moon™ -+ Wonsang You™"*

ABSTRACT

Extra-oral imaging techniques such as Panoramic X-rays (PXs) and Cone Beam Computed Tomography (CBCT) are the most preferred
imaging modalities in dental clinics owing to its patient convenience during imaging as well as their ability to visualize entire teeth
information. PXs are preferred for routine clinical treatments and CBCTs for complex surgeries and implant treatments. However, PXs
are limited by the lack of third dimensional spatial information whereas CBCTs inflict high radiation exposure to patient. When a PX
is already available, it is beneficial to reconstruct the 3D oral structure from the PX to avoid further expenses and radiation dose. In
this paper, we propose 3DentAl — an U-Net based deep learning framework for 3D reconstruction of oral structure from a PX image.
Our framework consists of three module ~ a reconstruction module based on attention U-Net for estimating depth from a PX image,
a realignment module for aligning the predicted flattened volume to the shape of jaw using a predefined focal trough and ray data,
and lastly a refinement module based on 3D U-Net for interpolating the missing information to obtain a smooth representation of oral
cavity. Synthetic PXs obtained from CBCT by ray tracing and rendering were used to train the networks without the need of paired PX
and CBCT datasets. Our method, trained and tested on a diverse datasets of 600 patients, achieved superior performance to GAN-based
models even with low computational complexity.

Keywords : Attention U-Net, CBCT, Panoramic X-ray, Focal Trough, 3D Reconstruction
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efficiency is limited by its lack of dimension, noises and
blurring caused by superimposition of adjacent structures,
metal artifacts as well as magnification [2]. On the other
hand, Cone Beam Computed Tomography(CBCTs) are
preferred for performing complex surgeries and implant
treatment because of its ability to visualize three-
dimensional information with better resolution [3, 4. Still,
they inflict high radiation dose on patients and is costly
to perform because of which they cannot be used often
[51.

To overcome such limitations, it can be beneficial to
reconstruct 3D oral cavities from available PX images.
These 3D models offer variety of applications ranging
from patient education, virtual surgical simulations [6], to
assist in treatment planning. They doesn’t aim to entirely
replace the necessity of CBCT scans. Nevertheless, it can
supplement necessary information for treatment planning
and helps postponement of an additional scanning.

Previous studies used either auto-encoder or GAN [7]
models as well as NeRF [8] based models for 3D recon-
struction using PX image. Auto-encoder and GAN based
models [9, 10] were trained using synthetic PX and 3D
flattened volumes of the jaw, instead of real world PX.
Synthesized PX demonstrates one-to-one correspondence
with the 3D flattened views and this enables the model to
learn effectively. Besides, obtaining paired PX-CBCT data
from the same patient is challenging in a clinical situa-
tion. However a major disadvantage of this approach is
that information is lost during jaw flattening as well as
PX synthesis. Moreover, the flow of information between
the encoder and decoder in auto-encoder models are not
efficient. Additionally, the flattened jaw needs to be
realigned to the jaw shape using any prior information
such as dental arch. This necessitates additional experi-
ments to find a suitable dental arch shape either by
employing additional X-rays or by creating a template
arch based on available dataset.

NeRF-based models [11, 12], on the other hand, uses
principles of PX imaging to simulate the synthetic PX as
well as to train the 3D reconstruction. These models to
revert the PX synthesis process during 3D reconstruction,
however, the model needs to be aware of PX synthesis
process. A major disadvantage of these methods is the
high computational power associated with these models.
NeBLa proposed by Park er al [12] requires around 80 GB
of GPU memory for training.

To overcome such limitations, we propose a novel 3D

reconstruction pipeline based on Attention U-Net which
can predict the depth information from a PX image. The
realignment of the predicted depth is performed using a
common focal trough and ray data which was predeter-
mined during synthesis process. The use of focal trough
enable us to limit the region to be reconstructed, whereas
the rays restore the original structure. To reduce the loss
of information we included a refinement module based on
3D U-Net which can help interpolate the lost information
from flattening. By training the models standalone, we
were also successful in reducing the memory requirement.
Experiments showed that our model gives superior per-
formance over state-of-the-art baseline models.

Our contributions in this paper are: First, we propose
a novel pipeline for 3D reconstruction and refinement of
oral cavity. Second, we define a focal trough to limit the
reconstructed area. Third, our synthetic PXs are formed
by detecting and reshaping the jaw region for all patients
to a common dimension which provides us with a uni-
formly spaced ray data that can be used for all patients
irrespective of the jaw variations. This also eliminates the
need of extracting a suitable dental arch.

The reminder of this paper are organized as follows.
Section 2 discusses the related works. Our proposed met-
hodology is outlined in section 3. The section 4 demons-
trates the dataset generation, qualitative results and quan-
titative analysis. Finally section 5 and 6, discusses the
limitations, future directions and conclusions from our

research.

2. Related works

2.1 Cross—Modality Transfer

Cross-Modality transfer in medical imaging is highly
discussed topic and majorly concentrates on translation
between Magnetic Resonance Imaging (MRI)/ Computed
Tomography (CT)/ Positron Emission Tomography (PET).
This is especially beneficial when one particular modality
lacks some crucial information offered by another. For
instance, MRI-CT translation facilitates combining the
structural precision of CT with soft tissue contrast in MRI.

Burgos er al [13] proposed a multi-atlas information
propagation scheme that perform organ segmentation and
translates structural MRI images to pseudo-X-ray CT data.
Similarly, Huang et al. [14] used dictionary learning for
super resolution and cross-modality transfer with both

paired and unpaired dataset.
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2.2 X-ray based 3D Reconstructions

Cross Modality transfer has been explored a lot in
translation between same dimensional data, however,
those involving lower to higher dimensions are relatively
scarce. This stems from the complexity in estimating the
lost information during the 2D imaging. After the intro-
duction of generative models such as GAN, there has been
a growing interest towards X-ray based 3D reconstruc-
tion. Nevertheless, most of the works in this domain
primarily focused on full-view or sparse-view reconstruc-
tions. Henzler er al [15] used an encoder-decoder model
to reconstruct 3D skull volumes of mammalian species
from their 2D cranial X-rays. Another study by Ying er al
[16] proposed X2CT-GAN to reconstruct CT scans from
bi-planar chest X-rays.

Single-view 3D reconstruction are challenging owing to
the limited information available from the single view-
point. This necessitates the availability of some prior
knowledge, for example, dental arches in case of 3D oral
cavity reconstruction. In dental domain, 3D reconstruction
rely on PX images. This approach offer an advantage
because panoramic images can be considered as multiple
views stitched together to create a flattened view. Pioneer
works for Oral 3D reconstruction, hence, focused on
creating flattened 3D volumes from CBCT and used PX
images to predict this depth using generative models such
as auto-encoders and GANs. Finally the predicted depth
volumes are aligned to a predefined template arch. A
significant challenge for training these models are the
necessity of paired datasets from same patient. Con-
sidering the practical difficulty of obtaining such dataset,
most of the works resort to synthetic PX images generated
from the CBCT scans. This ensures efficient learning since
the model can now learn from consistent representation
of data in both modalities.

Liang er al. [9] in their work X2Teeth, proposed auto-
encoder based 3D reconstruction based on teeth-locali-
zation and single shape estimation. They considered teeth
as multiple objects to estimate the shape of each tooth by
encorporating teeth segmentation maps to facilitate patch
sampling and localization. In a similar approach, Liang er
al. [6] proposed OralViewer, an interactive application
aimed at 3D visualization of surgical procedures for
patient education. The reconstructed 3D tooth are aligned
to a predefined dental arch and subsequently combined
with gum and jaw bone models to obtain a complete

representation of oral cavity. On the other hand, Song et

al. [10] proposed Oral 3D, an encode-decoder GAN model
to convert 2D PX image to 3D oral representation. Unlike
previous methods, they were able to restore the jaw as a
whole by employing flattened CBCT slices and then
aligning it back to the predefined template arch.

The major disadvantage of these methods is that the
final results after the jaw alignment were not smooth due
to the lost information from flattening and depth pre-
diction. Besides, the use of auto-encoder models cannot
consistently prioritize the region to be reconstructed,
especially the teeth.

Very recently, 3D reconstruction using NeRF-based
models has been in demand, and its application could be
seen in dental imaging as well. NeRF models aims to
reverse the image acquisition process of PX by leveraging
the rotational principles of panoramic radiography. This
means NeRF will be aware of the PX synthesis process. To
facilitate this, synthetic PX generation makes use of a
simulated panoramic acquisition geometry with ray tracing
and rendering making the parameters available to NeRF
during the training process.

Song et al. [11] proposed a novel model based on NeRF
to reconstruct 3D jaw from the projection data from
panoramic scans. Their framework composed of a multi-
head prediction, dynamic sampling and adaptive render-
ing uses the NeRF principles and tries to minimize the
rendering loss to facilitate model learning. Dynamic sam-
pling of rays produces multiple sample points along that
view for the model to learn a smooth intensity distribution
in 3D space. These points are encoded into high-dimen-
sional embeddings which can be further used to predict
the beam of voxel intensities. These predicted points are
rendered into a single pixel value which is then compared
with input PX to minimize the loss function. Their method
evaluated using 80 CBCT scans demontsrtaed superior
performance over its predecessor Oral-3D.

In a similar vein, Park er al [12] proposed NeBla, a
NeRF-based oral cavity reconstruction by using an inter-
mediate representation called SimPX, which a synthetic
PX simulated from CBCT scans. The SimPXs were created
by simulating PX acquisition geometry for ray tracing and
rendering. Additionally, unpaired image-to-image transla-
tion was performed to bridge the gap between real and
synthetic PX images. This facilitates the real PX to be
used during inference. Consequently, their method com-
pletely eliminated the need of paired dataset for training.
The key advantage of their method is that no prior
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information is needed to guide the reconstruction process.
Their model was also able to outperform existing metho-
dologies. However, their model is limited by the high

computational cost.

3. Methodology

The complete of our proposed methodology is shown in
Fig. 1. It comprises of three modules: A reconstruction
module modeled after as an attention U-net estimates the
depth from input PX image resulting a flattened 3D view
of the jaw. Next a realignment module aligns the output
flattened 3D volume to the shape of the jaw. The realign-
ment is guided by the predefined focal trough mask.

Finally, the refinement module based on 3D U-net inter-
polates missing information in the realigned output to
obtain a smooth final representation of the 3D oral cavity.

The attention U-net is a variation of conventional
U-net architecture, with added attention modules before
each decoder modules. This enables the model to learn
the essential features from the input improving the
contrast of final output. The attention mechanism creates
attention maps by suitably highlighting critical regions
that requires greater emphasis during reconstruction, in
this case, the teeth.

The model outputs a flattened volume of size 96x
128x256. Each convolution uses a 3x3 kernel with a stride

of 1, and is followed by ReLU activation function. The
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Fig. 1. Complete Workflow of the Proposed Framework, Consisting of Reconstruction, Realignment, and Refinement Modules
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training utilizes L2 Loss function and an Adam optimizer

with parameters, 5, = 0.9 and (8, = 0.999, along with a

learning rate of 1< 10" *. The models was set to stop early
after 15 epochs if the model doesn't learn anymore.

The realignment module undo the flattening process
performed during dataset preparation with the help of
focal trough mask and ray data. It retraces the original
location of the pixels along the rays and assign it back to
its position in CBCT domain. Thus the final output will
have a dimension of 128x256x256. Subsequently, the re-
finement module further enhance the quality of the re-
aligned output to generate the final reconstructed volume.
Reconstruction module utilizes the flattened CBCT
volumes as ground truth whereas refinement module uses
the reshaped ROIs. To optimize the memory utilization
both modules are trained standalone.

4, Experiments

4.1 Data collection

The 623 clinical dental head CBCT scans (408 Females
and 215 Males, Mean age: 50, Deviation: 26) used in this
study were collected from Chosun School of Dentistry in
Gwangju, South Korea. Scanning utilized CS900 scanner
from Carestream Health and the Planmeca VISOG7. The
images were formatted as 16-bit DICOM slices with a
resolution ranging from 0.25mm to 0.5mm. All data were

collected with proper patient consent and following the

ethical guidelines outlined by The Code of Ethics of the
World Medical Association. Approval for data collection
was obtained from the Institutional Review Board (IRB).

4.2 Dataset preparation

The dataset preparation is outlined in Fig. 2. Initially,
all CBCT scans are resampled to a common pixel spacing
of 0.3mm. Subsequently. the CBCT data is preprocessed to
obtain a contour box plot enclosing the jaw region. This
forms the ROI for 3D reconstruction. The ROI is cropped
out from CBCT and then reshaped to a uniform dimension
of 256x256x128 (DxWxH). Similar to Park er al [12], a
panoramic acquisition geometry is modeled and the ray
tracing is performed along the defined trajectory to
produce synthetic PX images of shape 256x128. Unlike
Park er alll2], we have used an elliptical trajectory and
rays are considered tangent to this trajectory. The number
of sampled pixels along the rays are limited to a horse-
shoe shaped focal region enclosing the jaw. Consequently,
these pixels were aligned sequentially to a rectangular
grid to generate a flattened jaw of size 96x128x256
(DxWxH). The model training utilizes both the flattened
CBCTs as well as the reshaped ROIs, in conjunction with
the synthesized PX images. Out of 623 CBCT scans, 600
patient data was generated using this approach and the
data was split in a ratio 8:1:1 for training, validation and
testing, respectively. Training was performed using NVIDIA
A6000 GPUs with 50GB memory.

law detection
_—

Flattened volume Ray tracing

CBCT

crop

b —
Reshape

Reshaped volume

Cropped volume

Fig. 2. Data Preprocessing for Model Training
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Fig. 3. Qualitative Results from Reconstruction Module. Our Results Demonstrate Better Contrast Compared to the Baseline Models.
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4.3 Qualitative Results

In this section, we will assess the qualitative results of
our model. Our comparison is performed based on two
baseline models taken from previous papers. First one is
based on Oral-3D by Song et al [10] and the second
model is a Residual-CNN taken from Henzler er al [15].
However, for [10] we have only considered the auto-
encoder used in the generation module. Similarly for [15],
we have not taken bi-planar views, instead used same
synthetic PXs as input. These models were trained as part
of the reconstruction module under identical training
conditions as attention U-net. The results from the
reconstruction module is shown in Fig. 3. Although the
results does not demonstrate significant changes, there is
notable contrast difference among the reconstructed
slices. Additionally, Oral-3D and our model has a better
distinction for jaw edges than residual CNN.

Fig. 4 depicts the outputs from the refinement modules.
These outputs are visualized using Maximal Intensity
Projections (MIP) projections along coronal and sagittal
viewpoints. Our model were successful in providing

smooth representation of texture for both jaw bone and

teeth. However, the metallic wires with slight intensity
changes are not distinguishable. Additionally, our model
was also tested on a real PX. The results shows that the
model does not provide a similar performance with real
PX, however, it is worth notable that some of the teeth
especially in the upper jaw are much more distinguishable

from each other.

4.4 Quantitative Analysis

In addition to the qualitative comparison, reconstruc-
tion accuracy was measured using two metrics: Peak
Signal-to-Noise ratio (PSNR) and Structural Similarity. PSNR
measures the quality of reconstructed images, as a ratio
between the maximum achievable pixel value and the
mean squared error (MSE) between the ground truth
image as well as the reconstructed images. It is usually
measured in decibels (dB). PSNR can be calculated as
follows:

PSNR = 20 log,,(2") —10log,,(MSE), )

where k is the number of bits per pixel and MSE is
calculated as:
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Fig. 4. Qualitative Results from the Refinement Module: using Synthetic PX vs. Real PX.

n

MSE = %z (1) — K(i))?, )

i=1

where n is the total number of pixels in the image, I(i) is
the intensity of #" pixel in the original image and K() is
the value of i pixel in the reconstructed image. SSIM
values ranges between ~1 and 1, with 1 indicating perfect
similarity and —1 indicating complete dissimilarity.

As summarized in Table 1, the evaluation of our met-
hod demonstrates its superior performance compared to
both Oral 3D and Residual CNN. The reconstruction
results achieved a higher PSNR of 18.18, indicating better
image quality compared to the other models. Further-
more, the addition of the refinement module significantly
enhanced this performance, boosting the PSNR to 20. This
improvement highlights the effectiveness of the refine-
ment module in enhancing the reconstruction quality. The
considerable shift in both metrics for the output from the
refinement module underscores its substantial impact on
improving the overall reconstruction accuracy and quality.
Even though Park et al. [12] achieved a higher PSNR of
21.68, it is worth notable that their memory requirement
was comparatively higher tha ours. The computational

Table 1: Quantitative Evaluation Results

Models | PSR SSIM

Reconstruction Module

Residual CNN 17.30+0.13 0.35£0.04

Oral-3D(auto-encoder) 17.70+0.13 0.36 +0.04

Ours 18.18 £0.19 0.38 + 0.05
Refinement Module

Ours(3D U-net) 20.05+0.40 0.69 £ 0.03

memory required was around 80GB and their training
utilized NVIDIA A100 and A6000 GPUs. Besides, we were
not able to reproduce their method because of this high
memory requirement and the PSNR value mentioned

above is based on their experiments.

b. Limitations and Future directions

Even though our method demonstrated impressive
performance it has several limitations. Because we have
utilized synthetic PX for model training, it is not able to
provide comparable performance with real world PX data.

This discrepancy stems from the substantial gap between
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real and synthetic dataset in terms of intensity distribution
and contrast. However, this can be effectively minimized
by adding an image-to-image translation between real
and synthetic PX images during inference. This can also
help the model to generalize well to unseen data.

Another critical limitation is that our model cannot
accurately distinguish high intensity regions such as me-
tallic implants. Metallic implants usually exhibit signifi-
cantly higher intensity values depending on the tube
current and exposure rate applied during CBCT acquisi-
tion. These peak values affect the normalization process
and can limit the model ability to learn textures. It ne-
cessitates a trade-off, leading the model to compromise
on intensity differentiation. One possible solution is to
suppress the effect of metal implants during image ac-
quisition so that they doesn’t occupy peak intensity re-
gions. However, considering the difficulty in obtaining
real medical data, it would be beneficial to develop an
anomaly-aware learnable normalization optimized to
medical imaging.

Moreover, the current outputs does not guarantee its
utility in a clinical practice due to the standardization of
patient geometry irrespective of the jaw variations. This is
also a target area of improvement for our future works.
NeRF based models have achieved superior performance
irresepctive of their high computational complexity. Hence,
a computational efficient NeRF model can proposed to
mitigate such issues.

The findings of this study highlights the need of further
refinement to our model to improve its robustness and
generalizability. Future works will focus on addressing
these challenges to ensure that our model can be em-

ployed in clinical practices.

6. Conclusion

In this paper, we have proposed a novel workflow for
the 3D reconstruction of oral cavity by using single PX
image. Our proposed method which consists of recons-
truction, realignment and refinement modules based on
U-net architectures, outperformed the baseline auto-en-
coder and residual CNN models quantitatively as well as
qualitatively. Also, our model required less computational
power than NeRF-based models for training and evalu-
ation. Our experiments showed that the computational

memory requirement was comparatively lesser than NeRF

model, even when the training was performed in a
pipeline.

Our model's limitations in replicating similar perfor-
mance with real PX images will be effectively handled in
our future works. Also, considering the diverse patient
anatomy, we also aim to modify our methodology to

accommodate individual anatomical variations.
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