Pre prints.org

Technical Note Not peer-reviewed version

Pano-GAN: A Generative Model for
Panoramic Dental Radiographs

Sgren Pedersen, Sanyam Jain i , Mikkel Chavez , Viktor Ladehoff , Bruna Neves de Freitas , Ruben Pauwels i

Posted Date: 30 October 2024
doi: 10.20944/preprints202410.2374 V1

Keywords: Dental Radiography; Panoramic Radiography; Deep Learning; Artificial Intelligence; Generative
Adversarial Networks

Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.



https://sciprofiles.com/profile/3968599
https://sciprofiles.com/profile/3969100
https://sciprofiles.com/profile/1297191

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 October 2024 d0i:10.20944/preprints202410.2374.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Technical Note
Pano-GAN: A Generative Model for Panoramic
Dental Radiographs

Seren Pedersen ¥, Sanyam Jain %**({, Mikkel Chavez ', Viktor Ladehoff 1,
Bruna Neves de Freitas 23 and Ruben Pauwels >*

Bachelor’s Degree Programme in Data Science, Aarhus University, Nordre Ringgade 1, 8000 Aarhus, Denmark
Department of Dentistry and Oral Health, Aarhus University, Vennelyst Boulevard 9, 8000 Aarhus, Denmark
Aarhus Institute of Advanced Studies, Aarhus University, Hoegh-Guldbergs Gade 6B, 8000 Aarhus, Denmark
Correspondence: sanyam.jain@dent.au.dk or ruben.pauwels@dent.au.dk

Seren Pedersen, Sanyam Jain, Mikkel Chavez, Viktor Ladehoff, contributed equally to this work.

NN =

*

Abstract: This paper presents the development of a Generative Adversarial Network (GAN) for the generation
of synthetic dental panoramic radiographs to address the scarcity of data in dental research and education. A
Deep Convolutional GAN (DCGAN) with Wasserstein Loss and Gradient Penalty (WGAN-GP) was trained on
a dataset of 2322 radiographs of varying quality. The focus for this study was on the dentoalveolar part of the
radiographs; other structures were cropped out. Significant data cleaning and preprocessing was conducted to
standardize input formats while maintaining anatomical variability. Four candidate models were identified by
varying the critic iterations, number of features and the use of denoising prior to training. To assess the quality
of the generated images, a clinical expert evaluated generated synthetic radiographs using a ranking system
based on visibility and realism from 1 (Very Poor) to 5 (Excellent). It was found that most generated radiographs
showed moderate depictions of dentoalveolar anatomical structures, although they were considerably impaired by
artifacts. After averaging evaluation scores, a trade-off was observed between the model trained on non-denoised
data, which showed the highest subjective quality for finer structures such as the Mandibular Canal and Trabecular
Bone, and one of the models trained on denoised data, which offered better overall image quality, especially
for Clarity & Sharpness, and Overall Realism. The outcome serves as a foundation for further research into GAN
architectures for dental applications. A GitHub repository containing the WGAN-GP model, source code, and
synthetic data has been made publicly available at https:/ /github.com/ViktorLaden/DataProjectGAN.

Keywords: dental radiography; panoramic radiography; deep learning; artificial intelligence; generative adversar-

ial networks

1. Introduction

Artificial intelligence (Al) is revolutionizing the field of dentistry, offering new tools that can
automate diagnostic processes, streamline clinical workflows, and enhance patient outcomes [1].
Over the past decade, Al-driven applications have made significant progress, particularly in the
realm of image analysis, where tasks such as segmentation, classification, and anomaly detection
have traditionally required manual input from dental professionals [2,3]. These Al technologies,
especially machine learning (ML) and its subset deep learning (DL), are now capable of identifying
intricate patterns within dental radiographs, providing faster and more accurate assessments of
dental conditions. As a result, Al applications have the potential to significantly reduce human
error, improve the efficiency of dental diagnostics, and contribute to personalized, preventive, and
predictive dentistry [4]. In addition, Al can be integrated into 2D or 3D image processing workflows for
segmentation of hard tissues and other structures, uni- or multi-modal registration, image enhancement
and tomographic reconstruction [5,6]. Despite these advancements, however, the adoption of Al in
routine clinical practice has been relatively slow, hindered by challenges such as data limitations,
ethical concerns, and the lack of transparency in AI models [3].

A crucial barrier to the implementation of Al in dental radiography is the scarcity of high-
quality annotated data, which is essential for training robust AI models. Dental radiographs, such

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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as panoramic radiographs, contain complex anatomical structures that require precise annotation,
and collecting and curating large-scale datasets is both time-consuming and resource-intensive [7].
Moreover, the ethical implications of using Al-generated data in healthcare are significant and must
be carefully considered [3]. Issues related to data privacy, patient consent, and data sharing between
institutions complicate the availability of large datasets for training Al models in dentistry [2]. In recent
years, generative adversarial networks (GANSs)[8] have emerged as a powerful solution to overcome
data limitations. GANs consist of two competing neural networks: a generator, which creates synthetic
images, and a discriminator, which evaluates their authenticity. Through an iterative process, the
generator improves its ability to produce realistic images that are increasingly indistinguishable from
real data. GANs, by generating diverse synthetic yet realistic data, could supplement existing datasets
and address the data scarcity and patient privacy problem in medical and dental fields. The ability to
generate realistic synthetic data can also be useful in clinical education, as this data can be tailored
to reflect a wide range of anatomical variations and pathologies. This customization would enable a
more individualized teaching approach, allowing to target certain weaknesses or focus areas in an
automated and student-specific manner.

In this study, we utilize a Deep Convolutional GAN (DCGAN) architecture, enhanced by the
Wasserstein Loss with Gradient Penalty (WGAN-GP), to generate synthetic panoramic radiographs
(Figure 1). The Wasserstein GAN (WGAN) introduces stability to the GAN training process by
addressing common issues such as mode collapse and training instability, making it particularly
well-suited for generating high-quality medical images [9]. Panoramic radiographs were selected
as a use case, as they are commonly used in dentistry for the diagnosis of dental and maxillofacial
conditions. Furthermore, they are relatively standardized in terms of anatomical depiction, showing
the entire dentoalveolar region centralized on the image, along with adjacent structures such as
the maxillary sinus and temporomandibular joint. Previous work involving DL and panoramic
radiographs has focused on automatic segmentation and detection models, which have been used
to interpret panoramic X-rays for various clinical purposes [10-13]. Most of these studies involve
datasets that are limited in size, showing the potential of making these models more performant and
generalizable through the addition of synthetic data.
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Figure 1. An overview of WGAN-GP. The generator receives input noise and produces samples,

which are compared against real data from the dataset in the discriminator. The figure illustrates the
calculation of Critic loss (D loss) by real, fake and gradient penalty terms, along with generator loss (G
loss). The gradient penalty term, is highlighted alongside the Wasserstein distance in a separate box.
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In the following sections we provide related work, methods, results and discussions. We finally
conclude the paper with results including generated images and evaluation plots.

2. Related Work

GAN s have been extensively studied for generating high-quality synthetic data across various
fields, including medical imaging and dentistry. However, GANs suffer from instability during
training, frequently encountering issues such as mode collapse and vanishing gradients. To address
these shortcomings, WGAN was proposed [9], which introduced a more robust training objective by
using the Wasserstein distance (also known as Earth Mover’s Distance) as a measure of how different
the generated data distribution is from the real data distribution.

2.1. Wasserstein GAN with Gradient Penalty (WGAN-GP)

One of the key improvements to WGAN was introduced by Gulrajani et al. [14]. While the
original WGAN used weight clipping to enforce the Lipschitz continuity condition (required for the
Wasserstein distance), this method introduced new problems, such as poor optimization performance.
WGAN-GP solves this by applying a gradient penalty to the discriminator’s loss function, ensuring
that the gradients of the discriminator are close to 1 around the real and generated data points, which
is necessary for proper training stability. The WGAN-GP loss function is defined as:

£D = Egup [D(%)] — Evup, [D(x)] + ABeop, [(|V:D(£)]2 — 1)?] M

where x is sampled from the real data distribution P,, ¥ is sampled from the generated data distribution
[P, and £ is sampled from a uniform distribution along straight lines between points in I, and IP¢. The
third term, AE; [(||V:D(£) |2 — 1)2], enforces the gradient penalty, with A controlling the strength of
the penalty.

This gradient penalty replaces weight clipping and ensures that the discriminator remains within
the 1-Lipschitz constraint, which is crucial for measuring the Wasserstein distance effectively. By using
the gradient penalty, WGAN-GP improves training stability and convergence, allowing it to generate
higher-quality images more consistently than other GANs.

2.2. Relevance of WGAN-GP to Our Work and Comparison with Other GANs

In this study, we have selected WGAN-GP due to its robustness in training and ability to manage
high-dimensional, complex image data, such as dental panoramic radiographs. Dental X-rays contain
intricate structures that necessitate the generation of highly detailed and accurate images. The stability
of WGAN-GP allows the generator to learn to produce such detailed features without suffering from
common issues associated with traditional GAN architectures, including mode collapse and poor
gradient flow. The incorporation of a gradient penalty helps mitigate the problems of vanishing or
exploding gradients, which are detrimental to the fine details needed in medical imaging. Furthermore,
WGAN-GP excels in generating high-resolution images, stabilizing the training process and making it
particularly suited for medical applications like dental radiography, where realism and accuracy are
critical. In contrast, traditional GANs and even WGANs with weight clipping often struggle to produce
stable gradients, especially in datasets with high variability, such as our dental X-ray dataset. Various
other GAN variants, like LSGAN [15], utilize a least-squares loss function to reduce the vanishing
gradient problem but fail to effectively address mode collapse. Similarly, DCGANSs [16] introduce
convolutional layers for enhanced image generation yet still face instability in complex tasks like
generating panoramic dental X-rays. WGAN-GP, however, not only addresses the vanishing gradient
and mode collapse issues but also ensures higher fidelity in the generated images through the use of
Wasserstein distance and gradient penalty. These improvements are especially crucial in the context
of dental radiography, where image quality is paramount. Other architectures, such as Progressive
GAN:Ss [17], may enhance image quality further but often require more computational resources and
longer training times.
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3. Methods

Data: The dataset consisted of 2322 dental panoramic radiographs from the MICCAI-DENTEX
(Dental Enumeration and Diagnosis on Panoramic X-rays) Challenge [18]. The dataset is made available
under a CC BY-SA 4.0 License. It consist of images from various panoramic radiography machines
(from different manufacturers), varying in image quality and resolution. A custom transformation
pipeline was implemented to preprocess the X-ray images before they were fed into the model. This
involved a custom cropping function focusing on the bottom-center part of each image, representing
the dentoalveolar region. In other words, the focus of this exploratory study was to generate partial
panoramic radiographs containing teeth and adjacent bone structures, but not the temporomandibular
joint, maxillary sinus, or other anatomical regions found on a full-sized panoramic radiograph. After
cropping, the cropped images were resized, and converted to 8 bit grayscale with normalized pixel
values, which helps in stabilizing the training process.

Architecture: The WGAN-GP was implemented to address the challenges of training stability
and image quality in our project. The core of the WGAN-GP architecture is based on the Wasserstein
distance W(IP;, IPy), which is defined as:

W(P,, Pg) = vef%gpﬁ,Pg) E(x )~y lllx =yl (2)

where I1(P;, Py ) denotes the set of all joint distributions with specified marginals IP, (real data distribu-
tion) and Py (generated data distribution). A key aspect of our implementation is the gradient penalty,
which is computed as:

Lecp = Ezp, [(HVfD(??)Hz - 1)2}/ 3)

where D is the critic network, and £ is the interpolated image between real and generated samples. This
penalty encourages the gradients of the critic to have a norm close to 1, thereby stabilizing training.

The architecture of both the generator and discriminator is crucial for achieving high-quality
image generation. The Discriminator is implemented as a convolutional neural network consisting of
several layers, where each layer applies convolutional operations followed by activation functions
and normalization. Specifically, the network progressively reduces the spatial dimensions of the input
image I € R©*H*W to produce a single scalar output representing the critic’s score D(I):

D(I) = Disc(Conv2D(LeakyReLU(I))), 4)

where Disc denotes the sequential layers of the Discriminator. The Generator, on the other hand, is
designed to upsample a noise vector z € RCwise*1x1 into a high-resolution image I’ € R img*236x256

using transposed convolutional layers. The final output is generated using the following operation:
I' = G(z) = ConvT2D(ReLU(BN(z))), (5)

culminating in a tanh activation function to produce images in the range of [—1,1]. The implemented
Generator and Discriminator networks are shown in Figure 2. The use of batch normalization and
ReLU activations contributes to the stability and quality of the generated images, ensuring that the
generator effectively learns to replicate the complex structures found in dental radiographs.
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Figure 2. Generator (G) and Discriminator (D) Networks used in methods

Implementation: We implement four different models using the same overall architecture shown
above. One essential difference between the models is found in the use of denoising prior to training.
Model 1 was trained on the original dataset without any denoising applied, while Models 2, 3, and 4
were trained using images denoised with anisotropic diffusion (AD) [19]. The denoising level applied
to Models 2-4 follows the default implementation of AD for FIJI [20]. The training set for Models 2-4
was also narrowed down to 1800 images by manually screening the initial dataset for images of poor
quality. Furthermore, the number of critic iterations was varied in an attempt to optimize the balance
between generator and discriminator performance. Finally, the number of epochs was varied. The
configuration for the models is outlined in Table 1.

Table 1. Experimental configuration for Models 1 through 4, including input dimensions (W=Width,
H=Height), critic iterations, number of training epochs, and use of denoising

M (WH) Critic | Epochs | Denoise
M1 | 256X256 2 550 No
M2 | 256X256 1 150 Yes
M3 | 256X256 4 250 Yes
M4 | 256X256 5 100 Yes

Expert evaluation: For each of the four models, 25 generated radiographs were evaluated by a
dentist with 9 years of experience, including a Master’s Degree in Oral Rehabilitation and a specialty
course in Dentomaxillofacial Radiology. The evaluation was performed on an interleaved pooled
dataset of 100 generated images, in batches of 20 images per session to avoid fatigue. A specific scoring
system was developed for this study, using a five-point scale for twelve criteria, ranging from overall
realism to specific anatomical features. The criteria were:

Overall Realism.

Clarity and Sharpness.

Tooth Anatomy: The depiction of crowns and roots.

* Jaw and Bone Structure: depiction of the cortical bone and trabecular bone.
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e Alignment and Symmetry of teeth and jaws, focusing on the bone shape and the visualization of
the occlusal space.

* Absence of Artifacts that detract from the realism.

®  Other Landmarks: visualization of the mandibular canal and hard palate.

Each criterion was assessed in terms of its representation vis-a-vis real-world panoramic radio-
graphs. The scoring system was defined from 1 to 5, where 1 indicates a poor or highly unrealistic
generation, and 5 signifies excellent or highly realistic qualities. Prior to the observation, the expert got
familiar with the scoring system by applying it to a separate set of 10 generated images.

4. Results

The overall distribution of expert scores is shown in Table 2. Model 1 showed the highest average
score for four criteria, whereas Model 2 showed the highest score for eight criteria (including one tied
score with Model 4). A statistical evaluation of the scores is presented in Appendix A.

Based on these findings, the scores for Model 1 and 2 are presented in more detail. As stated
earlier, the main difference between these models is whether they were trained on original radiographs
(Model 1) or denoised ones (Model 2). Boxplots showing the distribution of expert scores are shown
in Figure 3. It can be seen that, for most metrics, scores ranged between 1 and 5; the most notable
exceptions were Clarity and Sharpness, Roots and Absense of Artifacts (for which scores did not surpass
3). Furthermore, differences in the width of score distributions can be observed for various criteria,
showing more consistent outputs for one of the models (for better or worse). Figure 4 shows a radar
plot of the average scores for the two models, allowing for a convenient comparison of their relative
performance. It can be seen that Model 1 mainly outperformed Model 2 for Trabecular bone; this is
likely related to the denoising used for the input data of Model 2, causing some degree blurring of
small structures such as trabeculae. On the other hand, Model 2 showed higher scores for Bone shape in
particular, and for Cortical bone, Clarity and Sharpness, Occlusal space and Overall Realism to some extent;
this indicates that the absense of noise allowed for a improved generation of larger structures as well
as representing the typical image quality of a panoramic radiograph (somewhat) better.

Figures 5 and 6 show the best and worst generated images, respectively, as determined by the
average score for all twelve criteria. The best images show a reasonable depiction of both overall
morphology and certain details, although not at the level of contemporary real-world panoramic
radiographs. The worst images display various issues, including a poor overall image quality and
manifestations of extra rows of tooth crowns.

Box Plot of Scores for Model 1 Box Plot of Scores for Model 2
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Figure 3. Box plots of observer scores for Models 1 and 2
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Radar Plot: Model 1 vs Model 2 —— Model 1
Crowns —— Model 2
Roots Contrast and Brightness
Cortical bone Clarity and Sharpness

5
4

Trabecular bone Overall Realism

Bone shape Hard palate

Occlusal space Mandibular canal

Absence of Artifacts

Figure 4. Radar plot for models 1 (red) and 2 (blue).

Figure 6. Worst images among all model variants, showing poor overall anatomical depiction and

severe artifacts.

Table 2. Expert evaluation scores, ranging from 1 to 5. The model with the highest average score
for each criterion in bold. Models 1 and/or 2 show the best average performance for most dental
and image quality attributes. Abbreviations: M = Model, OR = Overall Realism, CS = Clarity and
Sharpness, CB = Contrast and Brightness, CR = Crowns, RT = Roots, CTB = Cortical Bone, TB =
Trabecular Bone, BS = Bone Shape, OS = Occlusal Space, AA = Absence of Artifacts, MC = Mandibular
Canal, HP = Hard Palate.

M OR| CS | CB | CR | RT |[CTB| TB | BS | OS | AA | MC | HP
M1 | 244 | 1.68 | 2.84 | 248 | 2.00 | 248 | 3.36 | 248 | 2.76 | 1.48 | 1.64 | 3.20
M2 | 272 | 1.96 | 2.88 | 2.32 | 2.20 | 2.76 | 2.80 | 3.16 | 3.04 | 1.64 | 1.48 | 3.04
M3 | 1.88 | 1.52 | 240 | 2.04 | 196 | 1.72 | 1.80 | 2.56 | 2.24 | 1.12 | 1.60 | 3.04
M4 | 232 | 1.76 | 2.60 | 240 | 2.20 | 2.00 | 1.96 | 2.56 | 2.64 | 1.44 | 1.20 | 3.04
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5. Discussion

In this exploratory study, the potential of GANSs to generate synthetic dental panoramic radio-
graphs was investigated by implementing a DCGAN with Wasserstein Loss and Gradient Penalty
(WGAN-GP). The ultimate aim is to produce synthetic images that could support predictive modeling
and educational purposes, in order to address the critical issue of data scarcity in dental research and
teaching. Although the generated images did not meet the standards of realism and clarity for real-life
implementation quite yet, the project’s findings emphasize the importance of GANs as a viable tool
for enhancing the availability of medical imaging data. This study can be considered as an initial
endeavour that is likely to lead to further advancements in this field of research.

Using a dedicated scoring system for synthetic panoramic radiographs, the overall evaluation
showed that the images achieved varied levels of realism, with many exhibiting acceptable clarity and
anatomical details, but also indicating certain areas for improvement. Scores were assigned based on
the specific features visible in each image. The results highlight both the strengths and limitations of
the model’s ability to generate images that closely resemble true panoramic radiographs. At this stage,
an observation approach in which a clinical expert acts as discriminator who judges whether images
are real or fake was not yet considered, as this would require a significant improvement in generated
image quality.

These findings suggest that further optimization of the GAN architecture and training method-
ology is necessary to achieve higher fidelity in synthetic image generation. This likely includes a
substantial increase in training sample size, potentially requiring a multicenter approach. Particular
focus should be on the fact that panoramic radiographs from different manufacturers exhibit vary-
ing image quality. While variations in brightness and contrast can be normalized to some extent,
differences in sharpness and noise cannot be overlooked. Furthermore, the anatomical coverage for
panoramic radiographs from different manufacturers varies to some extent; while all of these images
cover, and are centered on, the dentoalveolar region, the lateral and cranial extent of the radiograph
varies. This was not relevant for the current study, as the input data was cropped to the dentoalveolar
region, but it will come into play when full-size panoramic radiographs would be generated.

Future work should also focus on approaches towards synthetic radiography that are less naive
i.e. using pre-labeled data. For example, a panoramic radiograph can be segmented into teeth (with
each tooth being numbered, and restorations being marked), bone(s), mandibular canal, maxillary
sinus, etc. This would split up the generation into a number of separate tasks, possibly allowing
for template-based image-to-image generation or even a text-to-image generation. Either approach
would also allow for a degree of customization, including the insertion of various types of pathosis
(e.g. caries, periapical lesions, root fractures, periodontal bone loss). Once this stage is reached,
synthetic radiography can be implemented into personalized dental training as well as predictive
model development. At this point, the ethical considerations surrounding the use of synthetic data in
clinical settings become crucial, as this data should not introduce biases or compromise diagnostic
(or other) accuracy. Once synthetic radiography reaches a level in which it can be integrated into the
development of Al tools for diagnosis, segmentation or other tasks, further work will be needed to
evaluate the optimal balance between synthetic and real data for training as well as benchmarking.

6. Conclusion

The use of a WGAN-GP for generating synthetic panoramic radiographs showed promise. The
most likely bottleneck for model performance within this study was the training sample size; further-
more, the use of training data that is anatomically (and pathologically) labelled should be considered
in future work.

Acknowledgments: RP acknowledges financial support by the Independent Research Fund Denmark, Project
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Appendix A

Appendix A.1 Dunn’s Test

Dunn’s post hoc test was performed on the expert evaluation scores of the four Models, following
significant results from the Kruskal-Wallis test. The p-values obtained from Dunn’s test are summarized
in Table A1:

Table A1. Dunn’s Test Results (p-values) comparing Models 1-4. Values below 0.05 indicate a statisti-
cally significant difference in expert scores between models.

Model 1 Model 2 Model 3 Model 4

Model 1 | 1.00000000 | 0.85579467 | 0.00003986 | 0.08296606
Model 2 | 0.85579467 | 1.00000000 | 0.00000001 | 0.00051443
Model 3 | 0.00003986 | 0.00000001 | 1.00000000 | 0.24624982
Model 4 | 0.08296606 | 0.00051443 | 0.24624982 | 1.00000000

From the statistical evaluation, significant differences were observed between:

* Model 1 and Model 3 (p = 0.00003986)
* Model 2 and Model 3 (p = 0.00000001)
* Model 2 and Model 4 (p = 0.00051443)

No significant differences were found between Model 1 and Model 2, Model 1 and Model 4, or
Model 3 and Model 4.
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