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Abstract. In this paper, we present a novel approach for designing screw retained
crown over dental implant using a 3D Generative Adversarial Network (GAN),
specifically 3D CycleGAN. The adversarial network was trained and validated
on 3D intraoral scans from 150 patients which were adjusted for the study with
ExoCad and then voxelized to a resolution of 64 x 64 x 64. Our results show
an average Intersection over Union (IoU) of 75% and a mean Hausdorft distance
of 1.0555 mm. This suggests a strong correlation between the generated crowns
and manually designed ones, ensuring both functional and aesthetic suitability.
Additionally, we generated visualizations and Hausdorff distance heatmaps to
assess the alignment and deviations of the generated prostheses. The proposed
approach overcomes the limitations of existing methods by fully incorporating
the specific morphology of natural dental crown in the prosthesis design, resulting
in crowns that are anatomically and functionally suitable for practical applications
but designed without human intervention. Future enhancements include expanding
the dataset with a higher variability of dental structures and increasing the input
resolution of the proposed 3D CycleGAN network. Overall, our findings highlight
the potential of machine learning to significantly improve the quality and efficiency
of dental prosthesis design.
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1 Introduction

1.1 Background

Technological advancements have completely transformed the healthcare sector. Most
notably, artificial intelligence in dental medicine has greatly improved diagnostics, treat-
ment planning quality as well as general patient care outcomes. For instance, devices
that feature Artificial Intelligence (AI) technology can enable real-time monitoring of
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an individual’s oral hygiene, thereby allowing for personalized oral health recommen-
dations [1]. In other dental disciplines, Al is also used to make the predictive models
and simulations to provide a patient-centric and, at the same time, personalized dental
care [2].

The role of Al extends beyond improving diagnostics and dental care. Another
cornerstone of restorative dentistry is the design of dental prostheses. It is essential
to design prostheses with high precision to ensure that these artificial structures are
suitable from both an anatomical and functional standpoint. The use of Al to automate
the designing process ensures fewer human errors will be introduced in the 3D modelling
process, leading to improved overall quality of the prostheses. At the same time, the role
of human workers in creating dental implant prostheses is dramatically reduced, which
means that it takes less time and costs to manufacture them [3].

This transformative potential of Al in healthcare is particularly evident with the
application of 3D Generative Adversarial Networks (GANs) [4]. GANSs are a class of
machine learning algorithms designed by pitting two neural networks against each other:
a generative network that generates new data and a discriminative network that evaluates
whether this new data is generated (fake) or part of a target domain (real). Through this
adversarial process, the generative network learns to produce more accurate outputs, that
better represent the distribution of the target domain. A 3D GAN extends this concept into
the context of three-dimensional data, enabling the generation of 3D models that can
be used for creating detailed and accurate dental prostheses. This approach promises
to improve dental prosthesis design, making it not only more effective but also more
economical and efficient [5].

1.2 Literature Overview

The literature on the use of artificial intelligence in dental prosthesis design, specifi-
cally with Generative Adversarial Networks (GANs), suggests a promising direction
in restorative dentistry. The studies range from methodologies for tooth segmentation
using GANSs [6] to the reconstruction of 3D oral structures from 2D panoramic X-rays
[7], presenting a significant step forward in digital dental solutions.

In [8], atwo-stage GAN designed to address the complex morphology of the occlusal
surface of teeth has been presented. This study demonstrates that Al can generate dental
prostheses with accurate anatomical morphology and higher clinical applicability. The
proposed model outperformed other deep learning methods in reconstructing functional
occlusal surfaces using a real-world patient database.

Another study [9] focused on the use of a 3-dimensional convolutional neural net-
work (3D-CNN) to generate partial dental crowns (PDCs). This research considered the
effectiveness of different scanners in capturing data for the 3D-CNN, eventually select-
ing intraoral scans for their superior volumetric detail. The study highlighted the ability
of 3D-CNN to predict and generate PDC prostheses in CAD for restorative dentistry,
marking a significant advancement in the field.



3D Cycle-Consistent Adversarial Network for Designing 185

Furthermore, [10] explores a fully automatic approach that leverages natural spatial
profiles between opposing teeth, which are often difficult for human technicians to
account for but crucial for proper functionality. This research positions GANS as a tool
that can surpass human expertise by learning from large datasets of human-designed
crowns and natural fitting constraints.

In [11], Chau et al. explored the effectiveness of a novel Al system in designing
biomimetic single-molar dental prostheses. The study investigated the morphology of
Al-designed teeth compared to natural teeth, utilizing a Generative Adversarial Network
(GAN) for the design process. Using 169 casts from healthy participants, 159 were used
for GAN training, and 10 for validation. The AI system generated teeth, which were
then superimposed onto the original teeth to measure morphological differences using
mean Hausdorff distance and Intersection-over-Union for accuracy.

The results indicated mean Hausdorff distances ranging from 0.441 to 0.752 mm,
with an Intersection-over-Union of 60%, demonstrating that the Al system could poten-
tially automate the design of biomimetic prostheses with high accuracy. The study
concludes that with further algorithm optimization and training, Al could significantly
enhance the accuracy and efficiency of dental prosthesis design, suggesting a promising
direction for future research and application in restorative dentistry and prosthodon-
tics. This study is the closest related work to our research, providing a foundational
comparison for our proposed methodology.

All these studies contribute to the body of knowledge, illustrating the feasibility of
employing advanced Al techniques for dental prosthetic design. However, they often
focus on creating crowns on a flat surface of the mold or lack the integration of the
prosthesis with the unique contours of an abutment.

Considering this, our proposed methodology introduces the use of a CycleGAN
[12] modified to work on 3D data that generate a crown design directly on top of the
implant abutment. This novel approach aims to bridge the gap in current research by
considering the full morphology of the underlying structures, thereby enhancing the
practical application of the generated dental implant prosthesis.

2 Materials and Methods

2.1 Data Collection

For the purposes of our study, we conducted a comprehensive data collection process
with a cohort of 150 patients. The site of the study and data collection was the Faculty
of Dental Medicine at the Medical University of Sofia. Each patient’s dental anatomy
was digitized using intraoral scanners, iTero Element 2 plus and iTero Element 5d,
specifically designed for high-precision dental imaging. These scans provided us with
detailed 3D representations of the patients’ dentition, essential for the subsequent stages
of our research.

To process the collected data, we utilized the specialized dental software ExoCad,
which allowed us to manage and manipulate the scan files effectively. We focused on
tooth number 36 on the lower jaw as the focal point of our current study. For each
scan of patients, we performed virtual extraction of the tooth, and a digital analog of
a screw-retained titanium base abutment (GM Neodent) was placed at the site of the
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missing tooth. A full-coverage screw-retained crown was then digitally modeled on this
abutment by trained specialist. Digital impressions of the dentition, including the lower
jaw, upper jaw, and occlusion, were saved in STL file format. The STL files prepared
included:

. Upper jaw alone.

. Lower jaw with the placed abutment, without crown.

. Lower jaw with the placed abutment and crown.

. Upper and lower jaw in occlusion with the placed abutment in the lower jaw, without
crown.

5. Upper and lower jaw fixed in bite with the placed abutment in the lower jaw with

crown.

A W=

Fig. 1. 3D visualizations of the scanned lower jaw. Left image is with the crown designed over
the abutment #36. Right image is without the crown with the abutment exposed.

Although the 3D data of the upper jaw was also collected, it was not incorporated
into this phase of the research. Our data comprised pairs of STL files of the lower jaws
for each patient, one with the crown designed over the abutment number 36 and the
other without the crown, revealing the underlying structures of the abutment, as shown
in Fig. 1.

To ensure that the generative model could learn to design the crown in proper align-
ment with the abutment, both files within each pair included these supporting structures.
Before initiating the machine learning phase, the data was normalized and projected
onto a consistent axis, standardizing the orientation and scale across all scan pairs. Sub-
sequently, each STL file was transformed into a 512 x 512 x 512 matrix composed of
binary voxel values, where ‘1’ denoted the presence of the lower jaw structure and ‘0’
indicated empty space. The voxelization process was implemented using Python and the
linear algebra library Numpy.
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Fig. 2. The voxel sections used for training the GAN system. The left voxel section is without
the crown and is used as the GAN source domain, the right image is with the crown design over
abutment #36 and is used for the GAN target domain.

For the training of our Al model, we isolated the region encompassing implant treated
place 36. We identified its precise location through the centroid of the delta computed
from the voxel matrices of scans with and without the crown. This identification allowed
us to extract a focused voxel section from the matrices, which included the design over
the abutment of 36 and parts of its immediate neighbors, teeth numbers 35 and 37 as seen
in Fig. 2. The inclusion of these adjacent teeth was essential to ensure that the generated
crown would harmonize with them.

Voxelized

Original Voxelized
rigina 32 x 32 x 32 64 x 64 X 64

Fig. 3. Comparison of different voxel resolutions with the original 3D visualization of a crown
with abutment. The 64 cubic resolution leads to better overall level of detail of the crown and
abutment structures.

The voxel section was then scaled up to a voxel matrix of size 64 x 64 x 64 as
the input data size of the 3D GAN algorithm. The size of 64 cubic voxels was deter-
mined considering the memory limitations of the training hardware and after empirical
evaluation and visual inspection on the level of the detail that each cubic size provided.
Comparing it to 32 cubic voxels in Fig. 3, the structure of the crown is simply lacking
the necessary detail for the level of quality that would be expected for a dental implant
prothesis [5].
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The dataset was then divided, allocating 140 samples for the training set, with the
remaining 10 samples reserved for validation purposes. This split provide the GAN
with a robust enough learning dataset while retaining a separate subset for performance
assessment and quality measurements.

2.2 GAN Model Implementation

The GAN architecture selected for the implementation of the proposed work is Cycle-
GAN [12]. It was modified to work on 64 cubic 3D data using the PyTorch framework.
The CycleGAN incorporates two neural networks known as the generator and the dis-
criminator, all trained concurrently. In this setup, the generator networks, each with a
like U-Net structure [13], map data between two distinct domains A and B, where A is
the domain of the lower jaw mold with abutment, while B is the domain of the lower jaw
mold with the abutment and manually created crown. This pair is visualized in Fig. 1.
Meanwhile the discriminators classify the generated 3D data in domains A and B as real
or fake.

Generator
Proposed 3D CycleGAN for Dental Prostheses 512
56 256
1 128 128
Cycle-consistency loss 64 .64
I N
— — sy ss e
Input A /" Generator Generated B Generator Generated A 2’: Z’: z’: § > g g g
> A——>B b P> B—>A X ‘
\ ! ’ Ski ) ‘[

Fake / Real ? Fake / Real ?

Desriminator
Descriminator

L

Fig. 4. The proposed 3D CycleGAN architecture for designing dental prostheses.

The modified 3D CycleGAN architecture, visualized on Fig. 4, includes two gen-
erators responsible for mapping data from one source domain A to another target
domain B and vice versa. Generators use 3D convolutional and deconvolutional lay-
ers [14], instance normalization [15] for each convolution and deconvolution blocks,
and LeakyReLU [16] activation functions to generate data close to the distribution of
the target domain. There are four 3D convolutional layers of each generator network with
filter sizes of 4 x 4 x 4 and channel counts rising from 64 to 512. These are followed by
three deconvolutional layers that reconstruct the output volume, from 256 back down to
64 channels.

Similarly to the generators, the discriminator networks have four 3D convolutional
layers with filters sizes of 4 x 4 x 4 and number of channels rising from 64 to 512, each
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followed by instance normalization layers, and LeakyReLU activations to enhance their
efficiency in identifying real and fake data segments [12].

The training makes use of adversarial and cycle-consistency losses [12] to ensure
that translated data retain the characteristics of the input data. The cycle consistency
loss determines the deviation from the generated 3D data for domain A with that of the
input data, whereas the adversarial loss determines the accuracy of both discriminators
in identifying the generated data as fake. This process of training is designed to enhance
the model’s capability to generate convincingly real data that the discriminator cannot
differentiate from actual domain data.

The models are trained for 500 epochs with Adam optimizer [17] and a learning
rate of 0.0002 on hardware featuring an NVIDIA Tesla V100 graphic accelerator and
an Intel Xeon processor.

2.3 Validation Techniques

Our validation process integrated quantitative metrics with qualitative assessments to
ensure the accuracy and usability of the generated dental implant prostheses. The primary
metrics used for quantitative validation are the Intersection over Union (IoU) [18] and
Hausdorff distance [19].

IoU, also known as Jaccard index, is a common statistical technique in computer
vision to measure the accuracy of an object detector on a particular dataset. [oU represents
the ratio between the overlapping areas of the generated voxel matrix and the actual
ground truth voxel matrix to their combined area, providing a robust measure of the
model’s precision in replicating the actual dental structures. IoU is a critical measure as
it directly relates to how well the prostheses would fit within the actual dental cavity,
impacting the effectiveness and comfort of the final product. On the other hand, the
Hausdorff distance measures the greatest of all the distances from a point in one set
to the closest point in the other set, providing a maximum bound on the discrepancy
between two shapes. A lower Hausdorff distance signifies a closer match between the
model-generated prosthetic design and the actual crown structure. Both metrics provide
insight into the geometric accuracy [20] of the 3D models produced by our Al system.

For qualitative analysis, we generated visualizations that compared the crown voxels
produced by our model against the ground truth data collected during the data acquisition
phase. By doing so, we could assess the visual compatibility of the generated structures
with the real manually virtual designed (wax-up) crown. Moreover, this side-by-side
comparison enabled us to identify any discrepancies that might not be captured by
quantitative measures alone.

To do this visual comparison, several post processing steps are applied on the output
to extract the designed crown and further enhance its 3D quality. The developed pipeline
is visualized in Fig. 5.

First, the generated crown is extracted using a binary exclusive or (XOR) operation
[21] on the voxel data of the network input and the voxel data of the network output.
The XOR operation ensures that any intersection between the input and the output will
be omitted. Then, to transition from the crown’s voxelized format to a usable 3D mesh
model, we use the Python library Trimesh [22]. This mesh model represents the 3D
surface geometry of the crown. To generate the mesh, we use the Marching Cubes
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Fig. 5. The postprocessing pipeline that transforms the generated voxel data to a 3D model.

algorithm [23], implemented as part of the Trimesh library. Post-conversion, using the
same Trimesh library, the polygon mesh undergoes a series of refining operations to
enhance the quality and integrity of the 3D model. The operations applied are:

e Smooth Filter (Humphrey) [24]: This filter is used to even out the surface of the crown
mesh, reducing any sharp or rough edges that resulted from the voxelization process.

e Fill Holes: This operation identifies and seales any gaps within the mesh to ensure
a continuous surface, which is important for the structural integrity of the dental
prosthesis.

e Fix Inversion: This procedure corrects any mesh facets whose normal vectors are
incorrectly inverted, a common issue that arises during conversion from voxels to
mesh.

e Fix Normals: Normal vectors of the mesh surfaces are unified to maintain a consistent
orientation across the crown’s surface, ensuring correct light reflection and shadow
casting for accurate visualization.

Following these initial refinements, we use Blender [25], a 3D rendering software,
to apply additional mesh operations. The “Deform: Smooth Vertex” function in Blender
is used in achieving a smoothed final 3D mesh of the crown. This final step smooths out
any remaining irregularities to ensure that the final 3D model is not only functional but
also meets the high-quality standards expected in dental restorations.

3 Results

3.1 Model Performance Analysis

Tested on our validation set, which included 10 patient samples, the model achieved
a mean IoU of 75%. This indicates a substantial overlap between the generated dental
structures and the ground truth data, signifying a high degree of accuracy in the model’s
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output. To calculate the Hausdorff distance between the generated and real 3D models of
crowns, we used the 3D software Meshlab. The mean Hausdorff distance recorded was
1.0555 mm across the validation samples. The small value obtained reflects the precision
of the model in capturing the intricate contours and edges of the dental prostheses.

The detailed performance across all validation samples is presented in Table 1, which
outlines individual IoU and Hausdorff distance measures for each case. In addition to
these metrics, we also examined the computational efficiency of the model. The time
t taken to generate each prosthetic model was recorded to evaluate the practicality of
using the model in a clinical setting.

Table 1. Model performance results across the 10 validation samples.

Validation Sample # TIoU Mean Hausdorff Distance Time ¢ (seconds)
1 0.7349 0.9855 0.0241
2 0.8026 1.0325 0.0241
3 0.7832 0.9855 0.0240
4 0.7540 1.4778 0.0234
5 0.7107 1.2524 0.0231
6 0.6275 0.9755 0.0232
7 0.8382 0.7533 0.0233
8 0.8562 0.6384 0.0232
9 0.8020 0.7043 0.0225
10 0.6640 1.7495 0.0230
Mean 0.7573 1.0555 0.0234

3.2 Comparative Analysis

Without publicly available datasets for direct comparison, our comparative analysis relies
on a methodological examination and theoretical assessments based on published results
from similar studies. In [11], the authors reported that their system achieved a mean
Hausdorff distance ranging from 0.441 to 0.752 mm and an Intersection-over-Union
(IoU) of 60%.

While direct comparisons are limited since different datasets are used for validation
and there is a clear difference in the data preparation process where we also consider
the structure of the abutment, the metrics allow for a certain level of benchmarking. Our
model demonstrated a Hausdorff distance between 0.638 mm and 1.749 mm, which is
notably higher than the reported range from [11]. Additionally, our model achieved a
mean loU of 75%, which exceeds the reported IoU from [11], indicating a better overlap
between the generated prostheses and the ground truth data.
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Despite these results, it is crucial to note that variations in dataset characteristics,
such as the complexity of dental structures and the specificity of the cases included,
influences the outcome of the metrics.

3.3 Visual and Quantitate Comparisons

Visualizations for each of the 10 data samples from the validation dataset have been
generated to visually analyze and compare the generated crown with the virtual wax-up
provided as ground truth. The top sections of Figs. 6, 7, 8, 9, 10, 11, 12, 13, 14 and 15
visualize the input data (in blue), the generated crown (in red), and its intersection with
the virtual wax-up as ground truth crown (in light blue). On the other hand, the bottom
sections visualize the Hausdorff distance as a heatmap projected on the generated and
postprocessed crown using the pipeline from Fig. 5. Warmer colors corelate to higher
deviations (both positive or negative) between the vertex distances of the generated and
the virtual wax-up crowns, whereas colder regions corelate to low or no deviations in
the distances.

Input Generated Intersection with virtual wax-up

10U: 0.7349299903327409

40 40

6 0 60 0

Hausdorff distance visualisation
Mean distance: 0.985525

DO

Fig. 6. Comparative and Hausdorff visualisations for validation sample #1.
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Input Generated Intersection with virtual wax-up
I0U: 0.8026179750387712
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Hausdorff distance visualisation

Mean distance: 1.032499
Fig. 7. Comparative and Hausdorff visualisations for validation sample #2.
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Fig. 8. Comparative and Hausdorff visualisations for validation sample #3.
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Input Generated Intersection with virtual wax-up
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Fig. 9. Comparative and Hausdorff visualisations for validation sample #4.
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Fig. 10. Comparative and Hausdorff visualisations for validation sample #5.
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Input Generated Intersection with virtual wax-up
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Fig. 11. Comparative and Hausdorff visualisations for validation sample #6.
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Fig. 12. Comparative and Hausdorff visualisations for validation sample #7.
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Fig. 13. Comparative and Hausdorff visualisations for validation sample #8.
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Fig. 14. Comparative and Hausdorff visualisations for validation sample #9.
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Fig. 15. Comparative and Hausdorff visualisations for validation sample #10.
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4 Discussion

4.1 Interpretation of Results

The results of our study indicate that the application of a 3D CycleGAN for the design
of dental implant prostheses is both effective and efficient. The Intersection over Union
(IoU) scores, averaging 75%, suggest a strong alignment between the generated pros-
thetic models and the ground truth data. This high degree of overlap is indicative of
the model’s proficiency in replicating the intricate structures of dental implant crowns,
ensuring that the prostheses are likely to correspond with high value due to the implant
abutment, adjacent teeth and underlying mucosa.

The Hausdorff distance, with a mean value of 1.0555 mm, further supports the
model’s accuracy in capturing the geometric details of the teeth. This metric is particu-
larly important as it measures the maximum deviation between the generated model and
the actual crown structure, thus providing a comprehensive assessment of the model’s
precision. The relatively low Hausdorff distance demonstrates that the generated pros-
theses are closely aligned with the pre virtual wax-up structures, which is crucial for
both aesthetic and functional outcomes in restorative dentistry.

Additionally, the time efficiency of the model, averaging around 0.0234 s per pros-
thetic generation, highlights the practical applicability of our approach in clinical set-
tings. This rapid generation time is beneficial for dental practitioners, allowing for quick
process of design and production of customized prostheses, thereby enhancing patient
experience, and reducing the overall time required for dental restoration procedures.
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4.2 Limitations

Despite the promising results, there are several limitations to our study. One significant
limitation is the reliance on a specific dataset comprising data of implant crown design
for 36. While this provided a controlled environment for model training and validation,
it may limit the generalizability of our findings to other teeth and broader dental implant
structures. Future studies should include a more diverse range of dental scans, including
such that incorporate both the lower and upper jaws, to enhance the model’s applicability
across different dental scenarios.

Another limitation is the voxel resolution used in the model. Although a 64 x 64
x 64 voxel grid was selected based on hardware constraints and empirical evaluations,
higher resolutions could potentially improve the detail and accuracy of the generated
prostheses. However, this would require more advanced hardware and could increase the
computational cost, which needs to be balanced against the benefits of higher resolution
outputs.

The qualitative assessment, while useful, is subjective and may not capture all
discrepancies between the generated and actual dental structures. Incorporating more
objective measures, automated evaluation tools, or even real-life trials of the generated
prostheses could provide a more comprehensive assessment of the model’s performance.

4.3 Future Directions

Future research should focus on expanding the training dataset to include a wider variety
of dental structures and conditions. This would help in developing a more versatile model
capable of generating accurate prostheses for different site of implantations and varying
degrees of dental implant structures. Additionally, exploring higher voxel resolutions
and advanced hardware solutions could enhance the detail and accuracy of the generated
models.

Integrating other machine learning techniques, such as reinforcement learning [26]
or advanced neural network architectures such as vision transformers [27] or diffusion
models [28], could further improve the model’s performance. These approaches could
provide more robust learning algorithms that adapt better to the nuances of dental implant
structures.

Moreover, collaboration with dental professionals to incorporate clinical feedback
into the model’s development process could lead to more clinically relevant out-
comes. This user-centered approach would ensure that the generated prostheses not
only meet technical specifications but also align with practical clinical needs and patient
expectations.

5 Conclusions

In conclusion, this study demonstrates the potential of 3D CycleGANS in assisting the
design of dental implant prostheses. The model’s high IoU and low Hausdorff distance
indicate that it can generate prostheses with high accuracy and detail, closely resembling
to the pre virtual wax-up structures. The rapid generation time further underscores its
practicality for clinical use, promising significant improvements in the efficiency and
effectiveness of dental restoration procedures.
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However, to fully realize the potential of this technology, future research should
address the current limitations by expanding the dataset diversity, exploring higher res-
olutions, and integrating more advanced machine learning techniques. Collaborative
efforts with dental professionals will be essential to refine the model and ensure its
clinical relevance and applicability.

By addressing these areas, we can enhance the quality and accessibility of dental
prostheses, ultimately improving patient outcomes and advancing the field of restorative
dentistry.
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