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Abstract: The use of intraoral scanners in the field of dentistry is increasing. In orthodontics, the
process of tooth segmentation and rearrangement provides the orthodontist with insights into the
possibilities and limitations of treatment. Although, full-arch scan data, acquired using intraoral
scanners, have high dimensional accuracy, they have some limitations. Intraoral scanners use a
stereo-vision system, which has difficulties scanning narrow interdental spaces. These areas, with a
lack of accurate scan data, are called areas of occlusion. Owing to such occlusions, intraoral scanners
often fail to acquire data, making the tooth segmentation process challenging. To solve the above
problem, this study proposes a method of reconstructing occluded areas using a generative adversarial
network (GAN). First, areas of occlusion are eliminated, and the scanned data are sectioned along the
horizontal plane. Next, images are trained using the GAN. Finally, the reconstructed two-dimensional
(2D) images are stacked to a three-dimensional (3D) image and merged with the data where the
occlusion areas have been removed. Using this method, we obtained an average improvement of
0.004 mm in the tooth segmentation, as verified by the experimental results.

Keywords: tooth segmentation; generative adversarial networks; intraoral scanners; reconstruction;
image completion; dental scan data; occlusion areas

1. Introduction

Intraoral scanners are widely used in the diagnosis and fabrication of orthodontic appliances. A
digital impression technique using intraoral scanners has been replacing a conventional tooth model
setup applied manually using plaster casts. However, intraoral scanners have a problem of occlusions
due to the stereo-vision system applied. This lowers the accuracy of the tooth’s anatomic form, and
therefore, a segmentation of each tooth is required, which requires a lot of time and effort by the
operator. This study aims to solve the occlusion problem by preprocessing the scan data obtained by
intraoral scanners through the use of a generative adversarial network (GAN).

1.1. Background

1.1.1. Digital Orthodontics

An orthodontic diagnosis is a crucial step, whereby, the patient is examined based on various
modalities, such as radiographs, intraoral photos, and tooth impressions. The information gathered
from the patient is analyzed, and the final diagnosis and treatment plans, such as extraction versus
non-extraction, and an anchorage preparation are made. As the visual treatment objective, patient’s
dental plaster model is used to simulate the orthodontic treatment by dissecting each tooth from the
plaster model and rearranging them into the desired position [1]. Although, this process provides
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the orthodontist insight into the possibilities and limitations of treatment, creating a diagnostic setup
model from a dental plaster model is time-consuming and labor intensive.

Since the advent of intraoral scanners, instead of using the dental plaster model, intraoral scan
data can be manipulated to achieve a digital tooth setup. After acquiring the full arch scan data of the
patient, the teeth are segmented and repositioned to the desired position using three-dimensional (3D)
CAD software. This is more efficient because it eliminates the process of making a plaster model, and
it has been reported to be as effective and accurate as a conventional method [2,3].

1.1.2. Tooth Segmentation

An intraoral scan data of a full dental arch leads to a single scanned object that contains all teeth
as a single unit. Although, each tooth has its own boundary, and teeth are not connected to each
other, this problem is caused by an occlusion of the intraoral scanner. Intraoral scanners usually use
a stereo-vision system, and the interdental areas of the teeth are not captured. This space is called
an occlusion area and leads to a low accuracy (Figure 1) [4]. Therefore, after the operator manually
defines the tooth boundary and the long axis of the tooth, the plane to be used for tooth separation is
also designated manually to separate the teeth.
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Figure 1. Occlusion areas of dental scan data.

1.2. Related Studies

Several studies have been conducted to improve the tooth segmentation. Ongoing studies
can be divided into two categories. One is a boundary-based segmentation and the other is a
region-based segmentation. Region-based methods are mainly conducted using K-means clustering [5],
a watershed [6], an active contour [7], and Mask-MCNet [8]. Boundary-based methods include a graph
cut [9], random walks [10], and a snake [11]. Among them, the most popular method is to set the
initial position of the boundary between teeth and gums using a snake. After the initial position is set,
the operator finishes by modifying the initial position (Figure 2). However, because of the occlusion
problem, each of these methods is limited in accuracy.
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1.3. Motivation and Contributions of This Paper

1.3.1. Generative Adversarial Network (GAN)

Research on artificial intelligence has recently been actively conducted. A generative adversarial
network (GAN) is a type of artificial intelligence that method that learns a generative model and a
discriminative model simultaneously. The system configuration of a GAN is described as follows
(Figure 3). The generative model learns the distribution of data, and the discriminative model evaluate
the data generated by the generative model. Next, the generative model then generates data such that
an error when evaluating the learning model and an error when evaluating the generated model are
similar. The generative model is briefly trained to induce a discrimination of the discriminative model.
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1.3.2. Image Completion

Image completion is a technique used to remove and complete parts of an image that we want
to restore. In this way, we can remove an unwanted part of an image and regenerate the occluded
regions. Previously, there have been many approaches using patch-based methods [12–15]. However,
the results were unsatisfactory owing to the complexity of the image pattern in various of objects, and
it was difficult to increase the accuracy.

Methods using artificial intelligence have recently been studied. A context encoder is one such
method and employs a convolutional neural network (CNN) [16,17]. Globally and locally consistent
image completion (GLCIC) and Edge Connect also use artificial intelligence [18,19]. Whereas a context
encoder is based on a CNN, a GLCIC and Edge Connect are based on a GAN. Among all methods
described above, Edge Connect achieves the best accuracy [19]. Therefore, in this study, we employed
an Edge Connect as the image completion method.

1.3.3. Goals

Various studies have been made to solve the difficulties of segmentation, and automation has
resulted in a reduction in working time. However, both methods using the tooth boundary and tooth
region do not solve the occlusion problem. In this study, we aim to solve the occlusion problem by
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pre-processing dental scan data using the image completion method. Additionally, using this approach,
we expect to improve the tooth segmentation accuracy.

2. Proposed Method

2.1. Overview

The system used to solve the occlusion problem of dental scan data when applying a GAN can
be introduced through three steps. The first step is to remove the occlusion areas of the dental scan
data. The next step is to complete the images on each plane. The final step is to stack the images from
the previous step and reconstruct the dental scan data. The figure below depicts an overview of the
proposed method (Figure 4).
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2.2. Reconstruction of Dental Scan Data

The reconstruction process is as follows. First, the occlusion area is specified by visual inspection
of the interdental area whereby the intraoral scan data are not captured accurately. Here, the removed
occlusion areas will be used as masks and the location must be saved. The occlusion area was deleted,
and this removed area must be reconstructed. Figure 5 depicts images from before and after removing
the occlusion area.
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Next, dental scan data are sectioned at regular intervals using the horizontal plane direction.
The more images we apply during the reconstruction at narrow intervals, the higher the accuracy
that will be acquired, but the longer the computational time required. We used 0.1 mm intervals and
achieved an image completion using 100 images per patient. The figures below show several images
acquired using horizontal plane sectioning (Figure 6). Image completion is then conducted using a
GAN (Figure 7).
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Finally, the completed images are stacked using the previously saved location and height interval.
We use only the restored area, as indicated by the circle in Figure 7. When the location of the
reconstructed part is unknown, a registration should be applied using an algorithm, such as the
iterative closest point (ICP) [20], which can cause additional errors. After the images are stacked
to achieve a 3D image, the image is merged with the data where the occlusion areas have been
removed. The process is completed through remeshing. The figures below illustrate the merging
process (Figure 8).
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2.3. Training GAN

Edge Connect, which adds the contour reconstruction described above, requires two learning
processes. One process is contour restoration learning and the other is image completion learning.
Both processes use a GAN. The neural networks of the generative model and the discriminative model
used in this study are similar to those of Edge Connect. In detail, a generative model follows the
super-resolution architecture [21,22], and the discriminative model follows a 70 × 70 patch GAN
architecture [23,24].

2.3.1. Data Preparation

This study was approved by the Institutional Review Board of Korea University Anam Hospital
(2019AN0470). Intraoral scan data of ten patients, who had taken a digital impression as part of an
orthodontic diagnosis, were exported and segmented by a trained dental technician. The scans were
acquired by one orthodontist by using the Trios 3 intraoral scanner (3Shape, Denmark). The figure
below depicts the dental scan data after the segmentation process and one of the horizontal plane
images (Figure 9).
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The area to be used for learning is cropped into a 256 (px) × 256 (px) square in the horizontally
sectioned images, as shown in (b) of Figure 9. In this study, we used 10,000 cropped images for training
the GAN. The ratio of the training, validation, and test sets was 28:1:1. In general, approximately
100,000 images are used for training complex images, such as CelebA or Paris Street View. However, in
the case of tooth data, the images are not complicated and can be trained using only 10,000 images. The
training data was organized such that the tooth images were contained. Figure 10 shows the process of
image cropping.
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Figure 10. Cropping images from segmented data.

Five types of data are prepared: Cropped images, edge images, masks, masked images, and
masked edge images. The cropped images can already be seen as edge images, but using edge images
of the cropped images is important in terms of accuracy. We can apply the Edge Connect method
when we consider only the cropped images as a picture, and not the edge images. For the edge images,
we used the Canny edge detector with a threshold of 0.5 [25]. We determined the masks based on
the dental spaces, where occlusions mainly occur. Any mask shape can be used, and the mask only
needs to cover the areas where an occlusion is expected to occur. Herein, we used a rectangular shape.
Figure 11 illustrates a few examples of the five types of data.

Appl. Sci. 2020, 10, 490 7 of 17 

The area to be used for learning is cropped into a 256 (px) × 256 (px) square in the horizontally 
sectioned images, as shown in (b) of Figure 9. In this study, we used 10,000 cropped images for 
training the GAN. The ratio of the training, validation, and test sets was 28:1:1. In general, 
approximately 100,000 images are used for training complex images, such as CelebA or Paris Street 
View. However, in the case of tooth data, the images are not complicated and can be trained using 
only 10,000 images. The training data was organized such that the tooth images were contained. 
Figure 10 shows the process of image cropping. 

 
Figure 10. Cropping images from segmented data. 

Five types of data are prepared: Cropped images, edge images, masks, masked images, and 
masked edge images. The cropped images can already be seen as edge images, but using edge images 
of the cropped images is important in terms of accuracy. We can apply the Edge Connect method 
when we consider only the cropped images as a picture, and not the edge images. For the edge 
images, we used the Canny edge detector with a threshold of 0.5 [25]. We determined the masks 
based on the dental spaces, where occlusions mainly occur. Any mask shape can be used, and the 
mask only needs to cover the areas where an occlusion is expected to occur. Herein, we used a 
rectangular shape. Figure 11 illustrates a few examples of the five types of data. 

     
(a) (b) (c) (d) (e) 

Figure 11. Example of five types of training data: (a) cropped images from Figure 10, (b) edge images 
from (a), (c) masks, (d) masked images of (a), and (e) masked edges of (a). 

2.3.2. Training Steps 

The first step is to pre-train the edge model. Among the data in Figure 11, we used masks (Figure 
11c), masked images (Figure 11d), and masked edges (Figure 11e) as input images. Output images 
are full edge images, and the target images of the output are depicted in Figure 11b. The goal of this 

Figure 11. Example of five types of training data: (a) cropped images from Figure 10, (b) edge images
from (a), (c) masks, (d) masked images of (a), and (e) masked edges of (a).

2.3.2. Training Steps

The first step is to pre-train the edge model. Among the data in Figure 11, we used masks
(Figure 11c), masked images (Figure 11d), and masked edges (Figure 11e) as input images. Output
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images are full edge images, and the target images of the output are depicted in Figure 11b. The goal
of this process is to pre-train only the edge model. Figure 12 depicts an image generated using the
pre-trained edge model. As depicted in the figure, it is difficult to make an accurate image by training
the edge alone.
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The second step is to pre-train the image completion model. During this process, we use the edge
images, masks, and masked images depicted in Figure 11b–d as input images, respectively. The output
images are full images and the target images of the output are indicated in Figure 11a. The goal of this
process is to pre-train only the image completion model. This is a separate learning process rather than
an additional training of the model trained in the first step. The following is an image created by the
pre-trained image completion model (Figure 13). The high mask ratio on the test image reduces the
accuracy of the image completion.
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The third step is to train images by using the two pre-trained models, the edge model and the
image completion model. First, we used the pre-trained edge model to make edge images. Then we
used the generated edge images, the masks from Figure 11c, and masked images from Figure 11d as
the input. The output images are restored images, and the target images are depicted in Figure 11a. We
used the weight file of the pre-trained image completion model to fine-tune the edge connect model.
Figure 14 is an image generated after the last step of training. We can now see the reason why the
edge images are made. Figure 14 shows that restoring images by simultaneously using both, the edge
generative model and the image completion model delivers better results.
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3.1. Result of Image Completion

We applied the trained GAN using the proposed method to the actual tooth image completion.
Overall, it took 4 days for training: Steps 1 and step 2 required 1 day each, and step 3 took 2 days. We
used a personal computer with an i7-6700 (3.4 GHz) processor, 24 GB of RAM, and an RTX 2080 Ti
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Figure 15. Some examples of generated images.

We used the structural similarity index (SSIM) [26] and peak signal-to-noise ratio (PSNR) [27] to
quantitatively measure the training result of a GAN. The SSIM is a measure of the difference between
the ground truth image and the image being compared. The value closer to 1 indicates better results.
The PSNR is a measure of the sharpness and uses the difference in noise between the ground truth
image and the restored image. The table below presents the accuracy measured by the SSIM (Table 1),
which we classified according to the mask ratios to assess the effect on the image completion. The
closer the value is to 1, the better the result.

Table 1. Evaluation using structural similarity index (SSIM).

Mask Incisor Canine Premolar Molar

0–10% 0.921 0.918 0.911 0.923
10–20% 0.915 0.911 0.906 0.913
20–30% 0.885 0.883 0.879 0.894
30–40% 0.819 0.822 0.839 0.859

For a more intuitive explanation of the SSIM, images with values of 0.75–0.95 among those used
in the experiments are shown at 0.05 intervals (Figure 16). The left side shows the ground truth images,
and the right side shows the restored images. From a value of 0.85 and above, we can see the edge
lined up, and a value above 0.9 is similar to that of the ground truth images.
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The following is the result measured based on the PSNR (Table 2). Higher values indicate better
results. The images used in the experiment are 16.42 at minimum and 28.27 at maximum.

As with the SSIM, among the images used in the experiment, images with a PSNR of 16–28 are
shown at three intervals (Figure 17). The edges on the left are the ground truth images and the images
on the right are the generated images. When the PSNR is less than 20, we can see that the edge is
broken or missing. A small amount of noise occurs from above 22, although this is similar to the
ground truth images.
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Table 2. Evaluation based on PSNR.

Mask Incisor Canine Premolar Molar

0–10% 26.68 24.42 24.71 26.27
10–20% 25.82 24.19 23.69 25.07
20–30% 22.72 22.57 21.62 23.33
30–40% 19.49 19.78 19.71 21.93
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The SSIM and PSNR differed significantly according to the mask sizes. Figures 18 and 19 show
the changes according to the mask sizes. We can see this visually in the figures below (Figure 20). The
smaller the mask size is the better. However, there is a minimum mask size of an image because the
mask must cover the occlusion area. Therefore, the use of large and high-resolution images lead to
better results. However, computer performance was limited, and we used cropped images.
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Figure 20. Results of different mask sizes.

In this study, we used images with an SSIM of over 0.9 and a PSNR of over 22 for 3D reconstruction.
Overall, when the mask size is less than 10%, 95% of the images obtained are available for 3D
reconstruction. It took 0.1 s for an image completion, and we used 100 slices of both the maxilla
and mandible. We conducted the image completion five times per slice. Therefore, the entire image
completion process took approximately 100 s.

3.2. Results of Tooth Segmentation

3.2.1. Tooth Model

A tooth pin model of a malocclusion patient was fabricated for the testing of the segmentation
algorithm (Figure 21). This model allows each tooth to be removed and replaced to its original position
from the tooth model base. Therefore, it is suitable for use in our experiments because each tooth can
be removed and scanned individually with no occlusions. The scan data of each tooth were used as
the ground truth.
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Figure 21. Tooth pin model.

3.2.2. Accuracy Measurement Process

Two data are needed for an accurate measurement. One is the entire scan data and the other is
separated scan data. The former has occlusion areas, whereas, the latter does not. Therefore, we used
the separated scan data as the ground truth. Next, we conducted segmentation on the entire scan
data using the conventional and proposed methods (Figure 22). Then, we measured the accuracy
of the separated scan data as the ground truth and compared it with the tooth data segmented by
each method.
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(b) conventional methods.

3.2.3. Measurement Accuracy Results

Jung et al. [28] proposed an effective registration technique, which we used for the registration
of the three data types. After the registration, we used Geomagic software (2012, Ping Fu, Herbert
Edelsbrunner, Morrisville, NC, USA) to compare the distances between the data. We set the ground
truth data as a mesh and the data segmented by each method as point clouds. The data segmented
by each method were then sampled for a constant number of points. We classified the results into
four tooth types, namely, incisor, canine, premolar, and molar, and measured the average mean
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distance between the point cloud and the mesh. The table below presents the results (Table 3). The
conventional method indicates the manual segmentation using the snake. The proposed method
indicates segmentation by using GAN.

Table 3. Average mean distance between the point cloud and mesh.

Method Mean Distance (mm) p

Conventional 0.031 ± 0.008
0.033Proposed 0.027 ± 0.007

p, p-value for independent t-test.

The mean distance between the point cloud and the mesh for each method is displayed in Table 3.
The above results show that the proposed method is approximately 0.004 mm more accurate than the
conventional method, and this difference was significantly different (p = 0.033).

4. Conclusions

In this study, we proposed an automated method to reconstruct the missing data in the interdental
area of teeth, scanned using an intraoral scanner by applying a GAN. A limitation is that the masks
were manually applied to the occlusion area, therefore, some of the normal scan data may have been
removed. A further study carried out to automatically detect the occlusion area would define the
masks with higher precision and increase the accuracy of segmentation. Nonetheless, based on our
results on the dimensional accuracy of the segmented teeth, it can be inferred that the segmentation
method for full arch intraoral scan data is as accurate as a manual segmentation method, in addition to
being effective and time saving. This automatic segmentation tool can be used to facilitate the digital
setup process in orthodontic treatment.
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